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Abstract 

Alongside tremendous challenges in infectious diseases, like the rise of antimicrobial 

resistance and the coronavirus disease pandemic, the 21st century is also witness to the 

big data revolution, which offers opportunities to design methodology capable of 

addressing these great challenges. Whilst developing tools there are two competing 

philosophies of how to gain insight from big data: The modelling approach, where the 

natural data generating mechanism is approximated by statistical inference, and the 

algorithmic approach, where general-purpose algorithms are tuned to capture hidden 

structure in the data for prediction. The aim of the thesis is to contribute existing 

infectious disease problems, by motivating, designing, and applying the correct big data 

methodology, whilst facilitating future use through generating applications can be easily 

re-purposed. I first design a machine learner that can predict the source of 

Campylobacteriosis 33% more accurately than the previous most commonly used 

methods. Our method broadens the data input spectrum to captures of whole genomes, 

which uniquely allows assigning sources to individual samples showing a shift in host 

affinity of one of the most common lineages of Campylobacter jejuni. Based on the 

individual prediction of the machine learner,I infer which genetic changes are associated 

with host specificity by conducting a genome-wide association study. I find 

fluoroquinolone resistant genes pre-adapting chicken isolates to infection for humans 

and polyphosphate pathway associated genes to distinguish adaption to chicken and 

ruminant niche. For the study of COVID-19 risk, I conduct a machine learning prediction 

of very severe forms of the disease, hospitalisation, and susceptibility, whilst also 
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inferring risk factors for all phenotypes by applying Bayesian model averaging. I re-

discover commonly defined risk factors describing socio-economic standing, ill health 

and ethnicity whilst discovering more novel factors like previous lung injury 

predisposing very severe COVID-19 and bring order to the wealth of published COVID-

19 risk studies. In the closing arguments I give limitations of my work and give 

recommendations on how the developed tools can be re-applied to make big data 

research more accessible. I also expand how statistical inference and machine learning 

prediction can be used in unison to tap into the potential of big data to address the 

foremost infectious disease challenges of our time. 
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Overview 

The importance of infectious disease in addressing the major challenges of the 21st 

century has been made painfully obvious following the coronavirus 2019 outbreak. 

Alongside other lingering threats, like the rise of antimicrobial resistance, this century is 

also witness to a big data revolution. Alongside datasets ever-increasing in diversity, 

size, and speed of acquisition come unique difficulties and tremendous opportunity to 

circumvent and combat infection. Methods development and application have seen a 

parallel growth of innovation to accommodate pitfalls and harvest potential. There are 

two largely separate trajectories of method development which adhere to one of two 

competing dogmas on how to generate insight from data. Data modelling tries to 

approximate natural data generating processes by using knowledge to mathematically 

approximate the underlying sampling distribution of the data in a process known as 

inference. Algorithmic modelling uses data to tune a general-purpose algorithm to 

closely mirror the structure in the data observed in nature for the purpose of prediction. 

Currently inference lies within the domain of statistics with machine learning being the 

tool of choice for prediction, each harbouring their own strengths and limitations. In the 

following I will outline the differences in thinking and resulting methodology with their 

respective applications in infectious disease research. I aim to convey which approach 

is suitable for the varying challenges which infections pose in the 21st century and 

motivate their combination where applicable. Despite resulting from diverse 

philosophies of data use, and adhered to by sometimes separate communities, machine 

learning and statistical inference clearly have complementary and overlapping aims of 

knowledge discovery. The combination and eventual synthesis of statistics and machine 

learning holds tremendous potential at the brink of the big data era in infectious disease 

research. 
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1.1 Infectious Disease Research Enters the Big Data Era 

The emergence and subsequent success of antibiotics alongside rapid advancement in 

public health during the 20th century led to optimism towards infectious diseases at the 

middle of the century (Cohen 2000). Surgeon General William H. Stewart had told the 

United States congress in 1969 to “close the book on infectious disease” and thus 

proclaimed mankind’s victory over its longstanding scourge (Cohen 2000). At the turn 

of the 21st century the optimism had largely waned. Outbreaks of novel diseases like 

Ebola and Marburg haemorrhagic fevers, human monkeypox, bovine spongiform 

encephalopathy, severe acute respiratory syndrome, West Nile virus and avian influenza 

caused concern in the research community (Lashley 2006). Infectious diseases were 

reported to have the highest incidence and mortality of all human diseases in the last 

decade (Gilmour et al. 2013), which was prior to the emergence of coronavirus disease 

(COVID-19) that has dominated this decade so far. The global pandemic that followed 

made the importance of infection in public health abundantly evident, especially in 

terms of trying better to prepare for pandemics to come. Anticipating the emergence of 

hitherto unknown aetiological agents is difficult but epidemics that began before the 

emergence of severe acute respiratory syndrome-coronavirus-2 (SARS-CoV-2) continue 

to wreak havoc. Infectious diseases like HIV and malaria are still spreading, particularly 

in developing countries, while past pandemics like tuberculosis are re-emerging 

(Laxminarayan 2022). The over- and misuse of broad-spectrum antibiotics has made 

antimicrobial resistance a rising concern for health care systems that just survived a 

flood of COVID-19 patients with a herculean effort (Ventola 2015). The concern for the 

resurgence of past aetiological agents and emerging future epidemics is exacerbated by 
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an interplay with population density (Hazarie et al. 2021). The largest population growth 

is expected to occur in areas with poor access to treatment, low urbanisation and 

globalisation, and subject to the worst effects of climate change and civil conflict (Bloom 

and Cadarette 2019). As countries in the 21st century are intertwined by international 

business travel, tourism, import and export, any local cause for concern can swiftly 

become global (Sönmez, Wiitala, and Apostolopoulos 2019). The ongoing fight against 

the COVID-19 pandemic, battling emerging infections in our recent past and the 

alarming rise of drug resistance, have painfully curbed our past hubris towards infection. 

While far from declaring victory over infectious diseases today, there is cause for 

optimism in the research community. Alongside new and demanding challenges, the 

21st century has also brought new tools to combat novel and ancient pathogens.  

The notion of extrapolating from the clinical past to the future has been the backbone 

of evidence-based medicine since its inception (Ehrenstein et al. 2017). The current 

transformation of the field comes not from a change in concept but from the variety 

and volume of the evidence to draw on. A long history of scientific and industrial 

progress culminated in the technological revolution of the 21st century (Popkova and 

Gulzat 2020), causing a dramatic increase in the amount, variety and speed of data 

suffusing all aspects of society (Dórea and Revie 2021). Albeit lagging behind progress 

in other disciplines like business, marketing, geography and climatology, infectious 

disease research has started to embrace data-driven approaches (Simonsen et al. 2016; 

Bansal et al. 2016). Expanding existing data streams, e.g. through better surveillance 

systems, and emerging novel streams, e.g. wearables, have together ushered in the “Big 

Data Era” for infectious disease (Simonsen et al. 2016). With an ever-increasing wealth 
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of data shifting the goalposts of what is “big”, a commonly accepted definition of big 

data has been put forward via the three “V”s: velocity, variety and volume (Douglas 

2012), with some definitions counting as many as six “V”s.  

• Velocity describes the speed at which data is collected. In infectious diseases the 

acquisition of information has, for example, been accelerated by the co-option of 

novel data sources such as Twitter, internet search term trends and information on 

movement from location data.  

• Variety of data in infectious disease research is particularly apparent in the large 

amount of research utilising large prospective cohort studies containing a vast array 

of different descriptors. Databases like UK Biobank provide phenotypic, genotypic, 

questionnaire and physical information alongside sample assays, accelerometery 

data, multimodal imaging, and comorbidity information (Sudlow et al. 2015). 

• Volume of data has increased tremendously in multiple disciplines contributing to 

infectious diseases, spurred by technological breakthroughs. In genomics for 

example, the advent of high throughput technologies like next generation 

sequencing and microarrays has made the accumulation of large datasets 

economically viable (Ow, Tang, and Kuznetsov 2016). The first human draft genome 

was published in 2001 with an estimated cost of $300 million (Lander et al. 2001; 

Service 2006). Today the lowest price offered to sequence one human genome is 

$600 (Preston, VanZeeland, and Pfeiffer 2021) and the number of sequenced human 

genomes is expected to lie between 100 million to 2 billion by 2025 (Stephens et al. 

2015). The enormous potential of genomics is further heightened by equally vast 

increases in the size of related data like gene expression, RNA and protein sequence 
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data, protein-protein interaction data, pathway data and gene ontology information 

(Kashyap et al. 2016). 

The availability of big data in every aspect of the term offers exciting opportunities for 

infectious disease research but also comes with unique challenges. As an example, the 

increase of nucleotide sequence data summarised in Figure 1-1 makes the need for 

novel methodology palpable. 

 

Figure 1-1 Growth of genomic data 

Number of bases contained in the Sequence Read archive from the years 2008 until 2022 

as registered on www.ncbi.nlm.nih.gov/sra/docs/sragrowth/ 

To approximate genomic data growth, I used the number of bases contained in the 

Sequence Read Archive, which shows a rate of data accumulation that far outpaces 
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Moore’s law (Moore 1965). Moore’s law predicts the number of transistors per 

integrated circuits to double every 2 years, which has described the pace of 

computational innovation remarkably well for more than 50 years (Shalf 2020). If data 

is generated more rapidly than computational power grows then waiting for 

technological progress to power existing methods is a futile endeavour and demands 

novel approaches. The purpose of the chapter lies in providing an overview of the most 

common methods for using big data to generate insight into infectious disease. The 

subsequent individual results chapters will contain topic-specific introductions to the 

problems at hand. 

1.2 Big Data, Big Methods 

Whilst presenting novel research opportunities, big data can be challenging to 

incorporate into analysis owing to its complexity, size, and multiplicity of origin. The 

“siloing” of medical data in individual closed-off databases is still a widespread 

hindrance (Dórea and Revie 2021). A stipulation for successful big data research is the 

acquisition of actionable datasets through the combination, refinement and 

accumulation of data in databases (Mooney, Westreich, and El-Sayed 2015). Beyond 

establishing the veracity of the underlying data, sometimes referred to as the fourth V 

(Andreu-Perez et al. 2015), the next hurdle in extracting valuable and robust insight 

awaits: Scaling conventional statistical methods like regression, to high dimensional 

data required simplifying approximations, as many underlying assumptions are 

breached and heterogeneous data can be difficult to accommodate (Z. S. Y. Wong, Zhou, 

and Zhang 2019). Deploying big data methods, drawn from the rich toolboxes of either 

machine learning or statistical inference requires methods with an innate ability to use 
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vast and heterogeneous datasets (Ow, Tang, and Kuznetsov 2016). Machine learning 

algorithms mostly fall into two categories, supervised and unsupervised learning, and 

the combination thereof is called semi-supervised learning (Bzdok, Krzywinski, and 

Altman 2017). In supervised learning, labelled training data is used to learn hidden 

patterns to be able to accurately predict labels for previously unseen data (Greene et al. 

2016). The focus of unsupervised machine learning also lies in pattern recognition but, 

in the absence of labels for the training data, is primarily used for describing data, for 

example identifying structure (Greene et al. 2016). Semi-supervised learning is based on 

data where some datapoints have labels that are used to predict labels for the 

unlabelled data (Greene et al. 2016). Reinforcement learning is an emerging branch of 

machine learning that trains an algorithm by trying to maximise the “reward” received 

for the performance of a given task (Sutton and Barto 2018). There are many methods 

within the broad classes of supervised, unsupervised, semi-supervised learning, and 

reinforcement learning. In this thesis, our focus lies in supervised machine learning, due 

to its relevance in prediction, which is of special interest in infectious disease research 

since it can forecast risks, phenotypes and sources of infection (Wiemken and Kelley 

2020). Despite their often-superior predictive performance for non-tabular data, 

machine learning approaches have often been criticised for their “black box” nature 

owing to the difficulty of extracting actionable insight in terms of the underlying 

scientific processes (Wiemken and Kelley 2020). This is troublesome for medical 

research, especially when designing disease interventions. With both statistical and 

machine learning approaches enjoying respective advantages and caveats, there is no 
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“silver bullet” of big data analysis. Even so, infectious disease researchers have used big 

data successfully by leveraging the strengths of both techniques. 

Considering the complete spectrum of big data infectious disease research, Iwashyna 

and Liu (2014) argue that there are three questions about disease that big data can 

answer:  

• What is going to happen?  

• What will happen if some variable is changed?  

• What is the pattern of the underlying data?  

In the following section I would like to outline milestone studies in infectious disease 

that address these questions using the three characteristics of big data. To answer what 

is going to happen in influenza outbreaks, Google Flu trends leveraged increased data 

velocity, using keyword searches and comments on social media platforms to monitor 

the spread of flu (H. T. Wong et al. 2015). The fundamental question of how changing 

genetic variables affects the phenotype of the organism is addressed by genome-wide 

association studies (GWAS) using large volume of genomes readily characterised by 

rapid high-throughput genotyping. A milestone study was the uncovering of the genetic 

basis of severe COVID-19 by the COVID-19 Host Genetics Initiative (2021), using 

genomes from 49,562 patients from 19 countries to infer 13 loci predisposing patients 

for severe COVID-19 upon infection. An example of discovering patterns of the 

underlying data is provided by Alaa and colleagues (2019) leveraging the variety of data 

contained in 473 different measurements from the 423,604 participants in the UK 

Biobank. The study predicts cardiovascular disease risk using an algorithm that 
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automatically adapts an assembly of machine learning techniques. For a more complete 

review of big data studies in health please see de la Torre Diez et al. (2016) or Doherty 

et al. (2021). The tools to answer these questions can generally be sorted into one of 

two categories: inference (GWAS study, Google Flu trends) or prediction (cardiovascular 

disease risk prediction) tracing a schism in how to use data to generate insight.  

1.3 Inference Versus Prediction 

Broadly speaking, big data analysis approaches can be categorised into “inference” and 

“prediction”. Both approaches take a set of independent variables and model their 

relationship with the dependent variable. However, inference is concerned primarily 

with understanding the scientific processes by which the outcome data were generated, 

whereas prediction is primarily concerned with accurately imputing unseen outcomes 

in other datasets that are in some sense equivalent (Bzdok, Altman, and Krzywinski 

2018; Wiemken and Kelley 2020). These separate but related aims of big data analysis 

are well-known and may be recognised under other names. For example, Breiman 

(2001a) defined:  

• Data modelling, which assumes that the outcome is the result of a stochastic 

process that can be approximated by conceiving a mathematical model. The goal is 

to further the understanding of how the outcome is generated as a function of the 

explanatory variables. Statisticians adhere to this notion by carefully crafting 

bespoke probability models approximating observed outcome distributions.  

• Algorithmic modelling, which treats the data generating process as unknown and 

focuses on finding a function whose output is as close to the observed outcomes as 

possible. Machine learning practitioners adhere to this concept by tuning a general-
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purpose function with the goal of the producing an output that balances faithful 

reproduction of the observed outcomes in the training data, with generalisability to 

other, unobserved, datasets.  

The concept underlying these different approaches is illustrated in Figure 1-2.  
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Figure 1-2 Modelling approach vs algorithmic approach 

An illustration of the difference between the algorithmic approach and the modelling 

approach. (Big) data is a (large) sample drawn from an unknowable population. The 

algorithmic approach uses that sample to liken a predicted dependent variable 

These concepts help us think about the different ways that researchers employ big data 

to generate insight: Data modelling with the aim of inference, and statistics being the 

tool of choice, or algorithmic modelling where the goal is to achieve the most accurate 

prediction through machine learning tools. Of course, there are statistical approaches 

to prediction, and attempts at inference through interpretable machine learning, with 

the distinction becoming increasingly blurred (Libbrecht and Noble 2015). The same 

researchers may adopt different approaches depending on their aims. Indeed, some 

researchers do not accept a formal distinction at all. However, comparing and 

contrasting both approaches shows why the same methods that accurately infer 

underlying processes are not necessarily equally well poised to precisely predict 

outcomes (Lo et al. 2015). Similarly, algorithms optimised for prediction may do so at 

the cost of interpretability (Libbrecht and Noble 2015). As the “No free lunch theorem” 

proclaims (Wolpert 1996) one singular model cannot be best across all problems.  

1.4 Disambiguation 

Before I can embark on a description of the mechanisms of inference and prediction, 

the terms must be coherently defined, as machine learning and statistics use different 

terms for the same concepts, which are summarised in Table 1-1. The population 

describes the entirety of objects from which the data at hand is a random sample. 
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Gaining insight about the population is the aim of any data analysis, but can never be 

fully achieved, as sampling the population completely is infeasible. The data contains 

independent variables and dependent variables. Independent variables are the 

predictors or regressors, also known as features in machine learning. They can be split 

further into factors (discrete variables) and covariates (continuous variables). The 

dependent variables, also known as labels, targets or outcomes in machine learning, are 

the results of changes in the independent variables leading to changes in dependent 

variables. Understanding versus leveraging the relationship between the independent 

variables and dependent variables is fundamental for inference versus prediction 

respectively. As outlined in Table 1-1 I have adopted the language of statistical inference 

to assure consistency for this thesis. 
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Table 1-1 Terminology machine learning vs. statistics 

Comparison of terminology and concepts that differ between machine learning and 

statistical inference. In this thesis I adopt the terms used in statistical inference. If there 

are multiple terms listed, the term I will use is highlighted in bold. 

Machine learning Statistical inference 

 Terminology 

Features, input 
Independent variables, predictors, regressors, 

explanatory variable 

Prediction, output, labels, target, outcome, 
classes (if factors) 

Dependent variables, response variable 

Learning Parameter estimation 

Training Fitting a model 

Generalisation Out-of-sample prediction 

Integer (if whole numbers), float Continuous variables 

Categorical variables Discrete variables 

Classes (if target of prediction) Factors 

Class (if target of prediction) Level 

One-hot-encoded variables Dummy variables 

Bias Intercept 

Recall Sensitivity 

Precision Positive predictive value 

Concepts 

Regression refers to prediction of continuous 
dependent variables, whereas classification 

predicts factors 

Regression refers to prediction of both 
continuous and factors and dependent 

variables 

Parameter refers to the variables that are 
tuned in training to learn patters of the data. 
Hyperparameters are variables that control 

the training. 

Parameters are variables that describe the 
shape of a probability distribution 
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1.5 The Algorithmic Modelling Approach: Prediction Through Machine Learning  

1.5.1 Algorithm Choice 

Algorithmic modelling as implemented in supervised machine learning aims to make 

minimal assumptions, e.g. linearity, lack of multicollinearity and independence, about 

the data generating process (Bzdok, Altman, and Krzywinski 2018). Instead, machine 

learning trains general-purpose algorithms that can become arbitrarily complex to 

approximate a mapping function producing similar results to the structure observed in 

the data. The starting point of any machine learning study is to choose from pre-defined 

algorithms based on their empirically verified success (Bzdok, Altman, and Krzywinski 

2018). There is an array of commonly used supervised machine learning techniques that 

have proven apt at answering infectious disease questions. I list several algorithms used 

for classification, but with adjustment all described methods can also be used for 

regression (T. Hastie, Tibshirani, and Friedman 2008). 

• K-nearest neighbours is one of the simplest algorithms in the machine learning 

repertoire that classifies new data points by assigning the majority dependent 

variable of the k most similar datapoints in the training data (Fix and Hodges 1951). 

The algorithm can be provided with different distance metrics to find the k-closest 

neighbours (Abu Alfeilat et al. 2019). This is especially useful when faced with 

heterogeneous data which requires some custom formalisation of distance. Despite 

the simplicity of the concept, the k-nearest neighbour algorithm can be effectively 

deployed given the levels of the dependent variable to predict (or classes in machine 

learning) are well separated in feature space. This is demonstrated by nearest 

neighbour classification being successfully used to determine whether an infection 

is bacterial or viral with 92% accuracy from leukocyte data collected from 2,098 
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blood samples (Suyanto et al. 2020). Differentiating between infections, or sources 

of infection, is an important application of machine learning in infectious disease as 

it powers the design of targeted interventions. 

• Naïve Bayesian classifiers are a family of classifiers that probabilistically assign 

values to dependent variables using an adaptation of Bayes’ theorem (Xu 2018). 

Varying distributions, like Bernoulli, multinomial or Gaussian can be used for 

different features. The evidence from multiple features is combined under the 

assumption that all features contribute independent information about the 

dependent variable (John and Langley 2013). Even when the independence 

assumption is violated, naïve Bayes has the ability to classify competently (Webb 

2010). Despite their algorithmic simplicity and strong independence assumptions, 

Naïve Bayesian classifiers are widely used. F. Li and colleagues (2020) use naïve 

Bayes to distinguish between commonly found infections from a set of 146 

predictors, including incidence rates, symptoms, test results and epidemiological 

data. The resulting median accuracy of 97% over all 25 predicted diseases shows the 

competitive predictive performance achievable with the naïve Bayesian classifier. 

• Support Vector Machines optimise a hyperplane through feature space that 

separates different levels of the dependent variable with maximal margins (Cortes 

and Vapnik 1995). In the case of linearly inseparable levels of the dependent 

variable, the data is transformed by mapping into higher dimensional space, where 

the levels are potentially distinct (McIntyre et al. 2017). The transformation 

functions are called “kernels”, of which there are numerous to choose from, like 

polynomial or Gaussian depending on empiric classification performance (McIntyre 
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et al. 2017). The “kernel trick” allows for optimisation of the algorithm without 

operating in higher dimensional feature space which would be computationally 

costly (Ben-Hur et al. 2008). Pairwise distances between datapoints computed by 

the kernels can be used instead (Ben-Hur et al. 2008). Support vector machines have 

been successfully implemented to predict COVID-19 status based solely on symptom 

data with 87% classification accuracy (Guhathakurata et al. 2021). Predicting the 

presence or absence of disease through algorithms can support the manual 

decision-making process by healthcare professionals. 

• Decision Trees partition data successively, applying a series of binary splits using 

individual features to produce a tree-like structure (Quinlan 1986). The “leaves” of 

the tree are data bins which are assigned levels of the dependent variables as labels 

(Quinlan 1986). The splits are selected in training to optimise a measure of choice, 

for example to minimise the entropy in both resulting splits (M. Li, Xu, and Deng 

2019). As variables are considered individually, there is no need for standardisation 

of the input data (Quinlan 1986). Decision trees have been applied in the ongoing 

COVID-19 pandemic to predict mortality in severe cases (Yang et al. 2021). Assigning 

the risk of disease mortality or severity through machine learning is important for 

resource and attention allocating in the health sector. Another benefit for clinicians 

is that trained decision tree algorithms are easily interpretable, with a caveat being 

their tendency to overfit if uncontrolled (Bramer 2013). Beyond regularisation to 

avoid overfitting, the averaging over many decision trees in ensemble methods is 

often used (Schrider and Kern 2018).  
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• Random Forests are ensembles of decision trees where each individual tree is based 

on a bootstrap subset of the training data and a random sampling of the 

independent variables (Breiman 2001b). Levels of the dependent variables are 

assigned by “voting” of all decision trees in the ensemble. Whilst retaining the ability 

to handle non-standardised input data, random forests tend to be less prone to 

overfitting due to the embedded stochasticity in sampling (Statnikov et al. 2013). A 

random forest classifier is at the heart of the PaPrBaG classifier that can predict 

novel bacterial pathogens from next generation sequencing data, without relying on 

sequence similarity, with 88% to 93% accuracy (Deneke, Rentzsch, and Renard 

2017a).  

• Gradient Boosted Trees take a similar approach to random forests by averaging over 

multiple decision trees whilst introducing stochasticity, but a single decision tree is 

incrementally improved instead of building an ensemble in parallel (Friedman 2001). 

In a process called boosting, the ensembles are built by sampling at a fixed interval 

from the succession of iteratively improved trees (Friedman 2001). In a process 

termed gradient descent, the trees are improved by following a negative gradient of 

a pre-defined loss function by tuning parameters of the model accordingly (Mason 

et al. 1999). The gradient boosted trees algorithm, in its many highly optimised 

implementations, is very popular today. For example, LightGBM (Ke et al. 2017) was 

used to predict antimicrobial resistance profiles directly from the mass spectra of 

clinical isolates (Weis et al. 2022). Machine learning can be an important tool in the 

fight against antimicrobial resistance, due to being able to predict resistance from 

genetic data among other functions (Anahtar, Yang, and Kanjilal 2021). 
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• Artificial Neural Networks are inspired by the human brain and composed of 

multiple layers of computational units emulating neurons (Hopfield 1982). Artificial 

neural networks come in a variety of vastly different architectures, with all 

architectures containing one or more input layers that read in the independent 

variables and one or more output layers that generate the dependent variable with 

“hidden” layers in between input and output (Hopfield 1982). Every individual 

neuron contains a mathematical transformation of its input variables, which is 

commonly non-linear (Sheehan and Song 2016). There are no connections between 

nodes within a layer, but nodes between layers are connected so that output from 

one layer is used as input to the next (Sheehan and Song 2016). Independent 

variables thus undergo multiple successive transformations until reaching the 

output layer which results in the largest information processing capacity of all 

machine learners (Sheehan and Song 2016). There are a variety of transformation 

functions, network architectures, regularisation techniques, output and input layers, 

loss functions and optimisation techniques to choose from. In their wide variety, 

artificial neural networks have shown the ability to approximate myriads of different 

data structures (Y. Li et al. 2019), especially in deep learning where many hidden 

layers are used (Sejnowski 2018). However, due to the immense complexities that 

neural networks reach in order to approximate increasingly complex natural 

phenomena, they have often drawn criticism for their lack of interpretability. 

Despite obscuring the decision making process, deep learning can be very useful for 

infectious disease research, especially due its superior ability to accurately classify 

image data compared to other machine learning algorithms (Affonso et al. 2017). 
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Zhan et al. (2021) demonstrates this by using 3,463 computer tomography images 

to distinguish between four different pulmonary infectious diseases with a median 

area under the receiver-operator curve of 0.99. 

The list of machine learning algorithms presented here is not complete as the repertoire 

of algorithms is constantly growing due to the speed of technological progress within 

the field. 

1.5.2 Algorithm Training 

To fit and evaluate these general-purpose algorithms to the information at hand, the 

data is usually split across a training set and test set. The training set is used to adjust 

the parameters of the chosen algorithm. The test set is used to measure predictive 

performance on novel unseen data, also known as the generalisation ability of the 

algorithm. Minimising the generalisation error is the purpose of training machine 

learning algorithms. Generalisation is also known as out-of-sample prediction as 

opposed to within-sample prediction which is measured on the training set. Most 

machine learning algorithms have hyper-parameters that control the learning process, 

which require adjusting before training. To avoid stratifying the training data further, k-

fold cross validation (Stone 1974) can be used for hyper-parameter tuning. Herein, the 

training data is split into k groups, with k usually being set to 5 or 10. Each of the k groups 

is used for testing the performance given the hyper-parameter value of interest used in 

a model trained on the remaining k-1 groups. The average of the k performance scorers 

summarises the suitability of the hyperparameter value for the prediction task at hand 

and the process is repeated for multiple possible values. As statistical inference 

estimates parameters directly from the data, all data can be directly used for fitting 
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without the need for partitioning further. Having found suitable values for the hyper-

parameters that control the algorithms learning ability, machine learning practitioners 

can commence the training of the algorithm. 

During training, independent variables and their respective dependent variables are 

used to adjust parameters of the general-purpose function. By providing labelled data 

as input, the algorithm is trained to predict a dependent variable from the independent 

variables, so that the observed relationship between known dependent variable and 

independent variables is preserved. The difference between predicted and observed 

output is quantified by a loss function, that is chosen according to the type of the 

dependent variable. There are many types of loss function. Cross-entropy, for example, 

may be used for factors with multiple levels, and log loss for binary dependent variables 

(Q. Wang et al. 2022). By minimising loss using data to tune parameters of the model it 

“learns” the underlying hidden patterns of the data (Bzdok, Krzywinski, and Altman 

2017). If the dependent variable is continuous, the problem at hand is considered a 

regression task, whereas functions with discrete output variables are considered 

classification tasks. In classification settings, the different levels of the dependent 

variables are considered classes. The knowledge about patterns within the data 

contained in the trained algorithms is then used to generalise beyond the training data 

to predict dependent variables from previously unseen independent variables (Bzdok, 

Krzywinski, and Altman 2017). To estimate the generalisation ability of the algorithm 

beyond data seen in training, the test set is used. 
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1.5.3 Algorithm Testing 

In testing a classification algorithm, multiple different performance metrics can be 

chosen based on the concepts of true positives and false positives which statistical 

hypothesis testing also uses. Depending on which type of error is considered most costly 

for the prediction at hand, a range of different scorers are available which are depicted 

in Figure 1-3 alongside the general machine learning workflow. Testing a regression 

machine learner is based on quantifying the difference between the predicted and 

observed dependent variables. For example, the mean of the average squared distances 

between predicted and observed dependent variables can be used, which is known as 

the mean squared error. After assuring adequate performance of the machine learner 

on the test set, the algorithm is finalised for the application on real world problems by 

re-training using both test and training set.  
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Figure 1-3 Machine learning workflow as exemplified in classification tasks 

The data is split into training and testing, after which a suitable general-purpose 

algorithm is chosen, its’ hyper parameter tuned and fitted to the training data. The 

performance of the fitted classifier is subsequently measured using a metric of choice. 
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Tempted by the demonstrated success for understanding infectious disease, machine 

learning practitioners must be mindful of multiple pitfalls arising due to insufficient or 

erroneous training. A first hurdle to overcome is underfitting where the model does not 

grow to sufficient complexity to adequately capture the relationship between the 

independent and dependent variables. Different model choice or more training data can 

effectively combat underfitting and rescue generalisation performance. The opposite 

problem is overfitting as a widespread result of the “curse of dimensionality” (Bellman 

1966). Given enough variables, a model can grow so complex that alongside genuine 

data patterns it can also learn the stochastic noise inherent in any sample (Bzdok, 

Krzywinski, and Altman 2017). Whereas performance on training data is high, it is 

diminished in the presence of unseen data that is subject to different random 

measurement fluctuations, meaning the generalisation ability of the algorithm is low. 

Limiting the complexity of the algorithm through regularisation, or providing more 

training data can ameliorate the effects of overfitting (Bzdok, Krzywinski, and Altman 

2017). Complex algorithms with a high capacity, like artificial neural networks, are more 

prone to overfitting, whereas simple learners like naïve Bayesian classifiers are more 

likely to underfit (Bashir et al. 2020). Lack of sufficient training data can also be limiting 

when the model encounters patterns not seen in training. Google Flu trends for example 

missed the first 2009 wave of the A/H1N1 influenza entirely and overstated the risk from 

A/H3N2 in the 2012/2013 flu season (Olson et al. 2013). Changes in internet search 

behaviour due to the reporting of the epidemic and difference in seasonality, 

geographical heterogeneity and age distribution have all been proposed as causes of 
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failure (Olson et al. 2013). Underfitting, overfitting and insufficient training can all be 

fixed within the framework of algorithmic modelling by adjusting the model hyper-

parameters in cross-validation to control learning or by providing more training data. 

However, there are further problems that are the consequence of the central dogma of 

algorithmic modelling and difficult to circumvent whilst adhering to its doctrine. 

1.5.4 Machine Learning’s Blind Spot  

In algorithmic modelling the data generating process which creates dependent variables 

from independent variables is treated as a black box (Breiman 2001a). Machine learning 

attempts to mirror nature by recapitulating the empirical structure within the data, 

including the patterns of co-occurrence between variables. There are many models that 

can achieve this and in any given scenario, some models are likely to achieve better 

predictive performance than others. With the ever-increasing wealth of data, an 

increasing number of empirical patterns can be accurately modelled in silico. With few 

assumptions about the data being made, the absence of knowledge about the 

underlying mechanisms is not necessarily prohibitive. Being liberated from formulating 

an underlying scientific process-driven model in machine learning can be considered a 

strength, since with minimal adjustments the same methodology can be applied to a 

wide array of problems (Dórea and Revie 2021).  

In contrast to pre-formulated hypothesis-driven testing of association used in statistical 

inference, an idea explored later, machine learning can be treated as a “hypothesis 

generating machine” by allowing the data to reveal structures hidden within (Khoury 

and Ioannidis 2014). The ability to uncover relationships between variables connects 

machine learning to inference and attempts to draw inference from machine learning 
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are commonplace. Machine learning practitioners often rely on relative feature 

importance, which measures the relative contributions of each variable to the 

prediction process (Holz and Loew 1994). Relative feature importance is a by-product of 

training and can be implemented in many machine learning algorithms (Holz and Loew 

1994). However, since the focus of algorithmic modelling is likening a predicted output 

to an observed output, the nature of the underlying associations is not the quantity 

optimised by the algorithm (Bzdok, Krzywinski, and Altman 2017). As long as the 

relationship can be leveraged to predict dependent from independent variables, 

differentiating between predictions driven by correlation versus causation is not of 

foremost concern in the goals of algorithmic modelling as long as the generalisation 

ability is not diminished (Hoffman and Podgurski 2013). The emerging field of 

interpretable machine learning tries to address the “black box” criticism by pushing 

insight into decision making beyond relative feature importance (Molnar 2020). Within 

interpretable machine learning there is a differentiation between intrinsic 

interpretability, where algorithms are constructed with transparency in mind, and post-

hoc interpretability, where subsequent analysis generates insight into a predictor 

(Molnar 2020). Both are concerned with describing the relationships between variables, 

but the distinction between causal and non-causal associations is currently outside the 

grasp of the field (Murdoch et al. 2019).  

Knowing whether a change in one variable causes the change in another is often 

important for infectious disease research when trying to combat infections by designing 

interventions (Wiemken and Kelley 2020). As diseases are the result of complex causal 

chains (Kraemer et al. 2001), understanding the relative effect of independent variables 
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is encumbered by confounders with the dependent variable (Skelly, Dettori, and Brodt 

2012). Whereas known confounders are often explicitly thought of in statistical 

frameworks, it is difficult to control for confounders in machine learning settings 

(Ferrari, Retico, and Bacciu 2020). Although it is true that machine learning can readily 

generate hypotheses, it does not typically focus on testing those hypotheses. Some 

practitioners of machine learning view the field as encompassing classical and Bayesian 

statistical approaches, and such approaches can certainly be used for prediction. 

However, I distinguish them as being fundamentally focused on the process of 

inference, including parameter estimation in the presence of confounding and formal 

hypothesis testing. 

1.6 The Data Modelling Approach: Statistical Inference 

1.6.1 Overview statistical inference 

In Breiman’s dichotomy, data modelling is the driving concept in statistical inference, 

where the sample is used to elucidate the data generating process and thereby gain 

domain-specific insights through the application of probability theory (Casella and 

Berger 2021). Here, the dependent variables are treated as realised values of a random 

variable for which a model is constructed. Models can generally be divided into 

parametric and non-parametric. Parametric models make explicit assumptions about an 

underlying probability distribution, like assuming Gaussian or Poisson distributions, as 

that allows for convenient summary in a fixed set of parameters (Casella and Berger 

2021). Non-parametric and semi-parametric models are based on the notion that the 

data generating process cannot be readily defined in full. They are often more 

complicated and may suffer a deficit in statistical power as a trade-off for making fewer 

assumptions (Casella and Berger 2021). There is a plethora of both parametric and non-
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parametric statistical models to choose from based upon the data at hand and 

information about the mechanism to describe. However, in the context of data 

modelling, parametric models play a leading role. 

An important factor is the form of the dependent variables. For instance, logistic 

regressions are used for binary outcomes and ordinary regressions are typically applied 

to continuous outputs (Pohlman and Leitner 2003). In a process akin to minimising a 

loss in machine learning, the data are used to estimate the parameters of the model in 

order to optimise a quantifiable goal, usually the likelihood of the data given the 

probability model (Casella and Berger 2021). The aim of statistical inference is to gain 

insight into the data generating process that produces the observed data. Investigating 

the relationships between variables lies at the heart of statistical inference, however in 

many situations statistics can never outright prove causality, particularly in analysing 

observational, as opposed to experimental, data (Pearl 2009). Instead, inference 

concentrates on: 

• Parameter estimation which can be expressed as a point estimate, or an interval 

estimate for a parameter of the model. Parameters are components of the data 

generating process, which are estimated from the data. For example, estimating the 

coefficients of a regression can provide information of the magnitude and direction 

of the influence of an independent variable on the dependent variable. 

• Rejection of a hypothesis through hypothesis testing. The fit of a mathematically 

formalised model of the data generating process, often framed as a pair of null and 

alternative hypotheses that differ in terms of their parameters, can thus be 

evaluated against the data. For example, rejecting the null hypothesis that a 
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regression coefficient is zero indicates an association between the independent 

variable and the dependent variable. 

In practical terms, establishing the existence, magnitude and direction of an association 

between individual independent variables and dependent variables allows for the 

design of interventions aimed at alleviating the burden of infections (Bzdok, Engemann, 

and Thirion 2020). The statistical toolkit offers multiple different methods to perform 

parameter estimation or hypothesis testing, depending on the focus of the analysis; 

often both are pursued simultaneously. My aim in the following is not to give a 

comprehensive summary of all possible approaches to statistical inference, but rather 

to give an overview of commonly used methods in infectious disease. 

1.6.2 Parameter estimation 

1.6.2.1 Point estimates 

Irrespective of the underlying data generating process in nature, all but the simplest of 

models require the estimation of parameters to adjust the model to fit the observed 

data (Beck and Arnold 1977). Depending upon the choice of model there are a varying 

number of parameters to be estimated; simple linear regressions for example are fully 

described by estimating the coefficient, intercept, and variance. The regression 

coefficient of the independent variable is an estimate of the size and direction of its 

effect on the dependent variable, and thus quantifies their relationship. The ambition 

of parameter estimation is to arrive at methods that have maximum consistency and 

minimal bias (Levy 2012). Consistency implies that the estimate is guaranteed to 

converge to the true underlying parameter as the amount of data increases, assuming 

(usually wrongly) that the model is strictly true (Levy 2012). The bias describes the 
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difference between expected value of the estimator across indefinitely many 

independent datasets and the “true” parameter, if such a quantity were known (Levy 

2012). There are several different statistical paradigms and associated estimators under 

which parameters can be estimated. To name a few: 

• Method of moments uses moments – low-dimensional summaries of the data – to 

calculate point estimates of the parameters (Hall 2004). Moments are mathematical 

properties of a probability distribution, e.g. the first moment is the expected value 

(mean) and the second moment is the variance. In the method of moments, the 

model is used to express population moments as functions of the parameters to be 

estimated. These are set equal to the observed sample moments, and the equations 

solved for the parameters of interest (Hall 2004). One use case for estimating 

parameters, is the ordinary least squares method to estimate the coefficients and 

intercept of a linear regression model. By using the least squares method, the model 

parameters are chosen to minimise the sum of the squared residuals. Residuals are 

the differences between the observed dependent variable and the dependent 

variable predicted by the regression from the independent variables (Boos and 

Stefanski 2013). Using the method of moments, the parameters can be solved for 

analytically and calculated using sample data in order to arrive at a point estimate 

for the regression coefficients and intercept parameters.  

• Maximum Likelihood provides point estimates for parameters of a probabilistic 

model by maximising a likelihood function, so that the estimated parameters are 

those that make the observed data most probable (Cam 1990). The likelihood is 

defined as proportional to the probability of the data conditional on the model and 
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parameters (Cam 1990). In practice it is equivalent, and often more convenient, to 

optimise the parameters with respect to the logarithm of the likelihood (Cam 1990). 

In an ordinary linear regression, least squares can also be framed as a maximum 

likelihood routine. Logistic regression is fitted by maximum likelihood (Wright 1995), 

through a numerical optimisation technique (Zou et al. 2019). The regression 

coefficients of logistic regression can be used in infectious disease for identifying risk 

factors for disease occurrence, mortality and hospitalisation (Stoltzfus 2011). Both 

maximum likelihood and least squares are optimisation algorithms grounded in 

frequentist inference. Frequentist inference techniques are motivated by 

theoretical guarantees that apply if an identical data generating process could be 

observed independently many times. In contrast, Bayesian inference techniques are 

optimal with respect to the observed data in conjunction with pre-specified 

probability distributions capturing prior beliefs regarding the model and its 

parameters (Wagenmakers et al. 2008). 

• Bayesian approaches obtain point estimates for parameters by updating a prior 

belief about the parameter using the likelihood calculated from the sample data to 

produce a posterior belief (Wagenmakers et al. 2008). Both priors and posteriors are 

expressed as probability distributions across all possible parameter values. 

Maximum a posteriori (MAP) estimates find the parameters that optimise the 

posterior possibility distribution, akin to maximum likelihood. The main difference 

is the likelihood is modified by prior beliefs. Prior distributions must therefore be 

carefully selected. In ‘objective’ Bayesian approaches, one may specify priors that 

reflect existing knowledge about the parameters (Robert 2007). When little 
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information is available, or its use deemed undesirable, an alternative objective 

approach is to specify ‘vague’ or ‘uninformative’ priors to reflect ignorance about 

the parameters (Robert 2007). In subjective Bayesian approaches, one instead tries 

to capture one’s own personal beliefs about the parameters prior to observing the 

data. Regardless, the aim is to arrive at a joint posterior probability distribution over 

the parameters. This can prove computationally intractable depending upon model 

choice and the number of parameters contained, necessitating approximate 

numerical approaches. The Markov Chain Monte Carlo (MCMC) methods are  a 

popular strategy for obtaining approximate samples from the posterior distribution 

(Gilks, Richardson, and Spiegelhalter 1995). MCMC iteratively explores the posterior 

distribution by performing a “random walk”. During the walk, candidate estimates 

are successively drawn from a proposal distribution and accepted or rejected 

depending how much they improve the posterior distribution (Gilks, Richardson, 

and Spiegelhalter 1995). The posterior distribution is approximated by sub-sampling 

the chain at fixed intervals after discarding a fixed number of steps as burn-in (Gilks, 

Richardson, and Spiegelhalter 1995). From the approximated posterior distribution, 

a point estimate can be derived by several methods like posterior mean or median.  

The parameters of most models can be defined with different estimators and under 

varying statistical doctrines. Logistic regressions used here as an example for maximum 

likelihood can also be fitted in a Bayesian framework (O’Brien and Dunson 2004). 

Further evading categorisation, regressions and their parameter optimisation are often 

restated as machine learning problems. Here, some parameters are typically estimated 

through cross-validation to minimise a loss chosen according to the dependent variable 
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(T. Hastie, Tibshirani, and Friedman 2008). The implementation of classical statistical 

tools such as logistic regression and ridge regression in machine learning blurs the 

dividing line between both disciplines. The cross-over of machine learning and statistical 

methods is unsurprising given that both aim to optimise parameters to fit a function to 

observed data. However, the goals of inference versus prediction may diverge beyond 

parameter optimisation. When machine learning has the stated goal of prediction, the 

point estimate of the parameter achieving optimal performance is typically sufficient 

for analysis. Whereas for statistical inference aimed at elucidating the underlying data 

generating process, quantifying the uncertainty of the estimates is of paramount 

importance. 

1.6.2.2 Interval estimates 

Point estimates for parameters may provide a concise summary of the model, but 

reliance on single numbers for describing data generating processes obfuscates their 

fundamental uncertainty (Demortier 2013). Defining parameter ranges to contain all 

estimates reaching some level of plausibility is a more faithful representation of 

inference concerning an unknowable process through random samples (Neyman 1937). 

As in point estimation, there are several methods to calculate parameter intervals that 

quantify uncertainty: 

• Standard errors of a parameter estimate are equal to the standard deviation of its 

sampling distribution, a frequentist concept corresponding to the probability 

distribution of the estimate if the data generating process could be observed 

independently many times. The sampling distribution can be calculated theoretically 

in simple models, otherwise it must be estimated (Altman and Bland 2005). An 
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unknown standard error can be obtained by repeating parameter estimation for 

randomly resampled draws of the data, with replacement, in a process called 

bootstrapping (Efron and Tibshirani 1994). Intuitively, our confidence in estimating 

a population parameter increases the bigger our sample is, which is reflected in a 

decreasing standard error with increasing data quantity (Altman and Bland 2005).  

• Confidence intervals define a range of parameter estimates wherein the ‘true’ 

population parameter lies with a quantified level of confidence, most commonly 

95% (Campbell and Swinscow 2009). This is a frequentist concept, in which the 

distribution is constructed with respect to independent observations of the same 

data generating process. When faced with known population sampling distributions 

confidence intervals can be calculated directly. If the dependent variable is the result 

of a Gaussian distribution for example, the 95% confidence interval is the range of 

1.96 standard errors above and below the point estimate. If the sampling 

distribution is unknown, bootstrapping can again be used. Confidence intervals are 

then achieved by defining a range of values that contains 95% of the parameter 

estimated from resampling (DiCiccio and Efron 1996). There are several alternatives 

to bootstrapping which require additional assumptions regarding the sampling 

distribution of the estimate, but can be more robust (Puth, Neuhäuser, and Ruxton 

2015). Similar to the standard error, the width of the interval decreases with 

increasing data, assuming the variability does not increase (Hazra 2017). 

• Credible intervals are the Bayesian counterpart to confidence intervals, giving a 

range of values wherein the true population estimate falls within a level of 

confidence (Eberly and Casella 2003). Credible intervals summarise uncertainty in 
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the posterior distribution: any parameter range that contains the required posterior 

probability is valid (Makowski, Ben-Shachar, and Lüdecke 2019). There are two 

common methods of defining credible intervals from the posterior. For unimodal 

posteriors, the highest posterior density interval chooses the narrowest interval 

which contains the required mass (Demortier 2013). The equal tailed interval 

chooses a range so that there is identical probability mass below and above the 

interval (Demortier 2013). As stated above, it can be computationally infeasible to 

evaluate the posterior for all possible parameter values with non-zero probability in 

the prior. Credible intervals are readily obtained using Monte Carlo sampling 

methods such as MCMC (Liu, Nordman, and Meeker 2016). 

Parameter estimation describes systems empirically, by finding the most likely 

parameters of an underlying data generating process and quantifying the reliability of 

the estimates, whilst capturing the relationship between independent variables and 

dependent variables. Testing whether the estimated parameters are different from 

some pre-specified values, acting as a null hypothesis, is a closely connected technique 

for statistical inference, achieved through hypothesis testing (Koch 1999). 

1.6.3 Hypothesis testing 

Using knowledge to verify (or at least falsify) a theory through observation is central to 

the scientific endeavour and can be mathematically formulated as hypothesis testing 

(Guyatt et al. 1995). Theories formulated mathematically as hypotheses cannot be 

outright proven through empiricism, but statements of whether the data at hand rejects 

a given hypothesis can be made (Shi and Tao 2008). Hypothesis testing requires a 

definition of the null hypothesis is to be tested, alongside an alternative hypothesis 
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which is favoured upon rejection of the null (Guyatt et al. 1995). In the null hypothesis 

we condense our knowledge about the data generating process into a model and use 

the data to test whether the evidence supports this model. The null hypothesis usually 

states that no significant statistical relationship exists between a given independent and 

dependent variable, while its rejection indicates the existence of an association 

researchers are typically interested to discover (Haldar 2018). 

There are two main errors that need to be controlled whilst testing hypotheses. A Type 

I error is the erroneous rejection of a genuinely true null hypothesis: a false positive. A 

Type II error is the failure to reject a false null hypothesis: a false negative. There is a 

trade-off between controlling false positives versus negatives. The typical view holds 

that false positives are more damaging than false negatives in the scientific process, 

perhaps because it is better not to take a step forward than to take a step backward, or 

perhaps because the process would otherwise be engulfed by noise. 

In the frequentist approach, an acceptable type I error rate is pre-determined (Banerjee 

et al. 2009). The frequentist error rate is predominately defined conditional on the 

truth: the number of type I errors (false positive rate) is therefore quantified relative to 

the number of genuinely true hypotheses. (In contrast, one could condition on the 

inference: the false discovery rate (FDR) is the number of type I errors relative to the 

number of rejected null hypotheses.) 

Commonly, frequentist hypothesis tests are performed subject to a type I error rate of 

0.05, also called alpha level or significance threshold, so that the null hypothesis is 

mistakenly rejected in no more than 5% of the tests (Guyatt et al. 1995). If the test 

successfully rejects the null hypothesis at the defined alpha level, the association is 
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considered significant (Guyatt et al. 1995). With an increasing number of tests 

performed, the threshold can be adjusted to be more stringent using multiple testing 

correction methods like Bonferroni (Bonferroni 1936). In the case of GWAS examining 

multiple million individual mutations, an uncorrected error rate would lead to 

thousands of mutations falsely declared to be associated with disease, even if the null 

hypothesis was true. This would have catastrophic effects for downstream processes 

like drug and treatment design (Kaler and Purcell 2019). 

Similar to the conditioning of an analysis on a type I error, the desired type II error rate 

can also be pre-determined in some settings, notably in the design of experiments. In 

clinical trials it is therefore common to pre-specify both the false positive rate and the 

power (also known as recall or sensitivity, see Figure 1-3) in order to determine the 

sample size (Lenth 2007). A power level of 0.8 is often chosen, from which the sample 

size required to detect a true effect from the sample can be calculated. Power 

calculations offer a benefit over machine learning, where insufficient data is also 

detrimental, but sufficiency can only be empirically defined after parameter estimation. 

Conditioning the analysis on specific type I and type II thresholds offers further benefits 

in statistical inference compared to machine learning. False positive and false negative 

rates can be pre-defined, and the parameter of the model can be estimated accordingly 

(Banerjee et al. 2009). In machine learning a threshold is defined either empirically or 

by optimising for a performance metric of choice after parameter estimation.  

There are multiple methods of Bayesian and frequentist hypothesis testing with 

different approaches to determine significance thresholds while controlling type I and II 

errors: 
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• A common example of Frequentist hypothesis testing is the likelihood-ratio test that 

uses a maximum likelihood approach of finding which parameters best describe the 

data (Birkes 2005). The likelihood ratio test can only compare two nested models, 

where one hypothesis is a special case of the other, for example having one or more 

regression coefficients constrained to be 0 in the null hypothesis but not in the 

alternative hypothesis (Allen 1997). 

• The test quantifies the difference of “goodness-of-fit” of both models by estimating 

the likelihood of the sample data given the two hypotheses (Birkes 2005). The 

difference is quantified by the test statistic, which is the log ratio of the likelihoods 

under the null versus alternative hypotheses (Birkes 2005). “Extremeness” is 

measured in terms of the test statistic, which allows for the definition of a p-value 

denoting the probability of observing data at least as extreme as the data observed 

if the null hypothesis were true (Birkes 2005). If the p-value is smaller the pre-

defined type I error, the null hypothesis is rejected in favour of the alternative 

hypothesis (Woolf 1957). The inability to test two competing non-nested 

hypotheses is a limitation of likelihood ratio tests, which is not shared by Bayesian 

hypothesis testing (Pesaran 1990). 

• In Bayesian hypothesis testing, two competing hypotheses are compared via the 

Bayes factor: the ratio of likelihoods under the null versus alternative hypotheses, 

akin to the frequentist likelihood ratio. The first difference relates to the handling of 

unknown parameters. In the Bayes factor, unknown parameters are averaged over 

by integrating with respect to their prior distributions (rather than plugging in the 

maximum likelihood estimates) (Baig 2020). The second difference relates to the 
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choice of threshold. The Bayes factor can be interpreted in terms of odds where a 

value of 3 indicates the data supports model in the numerator three times more 

than the model in the denominator (Hoijtink et al. 2019). While the Bayes factor 

quantifies the support of the data for one model over the other, it cannot prove 

either of them to be correct (Hoijtink et al. 2019). A threshold is typically pre-

specified in terms of a large odds ratio (e.g. 20:1), directly, or via the posterior odds 

ratio which factors in the prior model odds. Unlike its frequentist analogue, the 

Bayes factor can be used to compare the support of the data for any two 

hypotheses, nested or not. 

Hypothesis testing complements parameter estimation with its ability to test for 

associations between independent and dependent variables, which is invaluable for 

infectious disease research. The effect of medication, lifestyle or comorbidities on the 

risk of infection can readily be inferred within the hypothesis testing framework 

through, for example, risk factor analysis (Eckhardt et al. 2020).  

As statistical models can uncover the association of independent values through 

inference, it would seem natural to assume inference can discover good predictors. 

However, this has not been observed in studies testing for significance, as has been 

shown in GWAS (Jakobsdottir et al. 2009; Clayton 2009; Janssens and van Duijn 2008), 

the reason for which also lies at the heart of the prediction and inference dichotomy: 

confounders. As confounding variables influence both independent and dependent 

variables, a non-causal association between independent variables and the dependent 

variable is created. The relationship is non-causal as a change in the observed 

independent variable would not necessarily lead to a change in the dependent variable. 
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A change in the confounding variable however, would lead to changes in both the 

associated independent variable and the dependent variable. Statistical inference is 

concerned with gaining insight of an unknowable population through a sample. 

Therefore, wrongly assuming associations caused by interactions with variables outside 

the sample to be causal, is an egregious mistake in statistical inference (Greenland, 

Pearl, and Robins 1999). This can be addressed in the statistical framework by using one 

of multiple methods designed explicitly for controlling confounders (see Brenner and 

Blettner 1997, for example). When the goal is to predict dependent variables from 

independent variables in machine learning, we are not interested in discovering the 

nature of the relationship so long as we can reliably predict outcomes beyond training 

data. To illustrate, in the inference setting of GWAS, researchers aim to discover 

mutations that are causal for a disease to aid drug development among other goals. 

Discovering genetic confounders, such as markers of ethnicity which might indicate an 

infection being spread in a specific community, would not be helpful for drug 

development (Hu and Ziv 2008). In a genetic machine learning setting, where we are 

trying to assign disease presence or absence from genomes, markers of ethnicity can 

improve the accuracy of the prediction if the disease is more prevalent in some ethnic 

groups. When controlling confounders, focussing only on significant interactions can 

decrease the predictive information contained in all possible interactions between 

independent and dependent variables. It seems the trade-off described by the “no free 

lunch theorem” again holds true: methods designed for inference are not equally 

proficient in uncovering predictors. 
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1.7 Statistics Versus Machine learning: Right Tool for The Right Job 

As demonstrated above machine learning and statistical inference serve different 

purposes, resulting in different constrains on analysis which manifest in differing 

toolkits. Statistical inference further divides into frequentist and Bayesian frameworks, 

bringing further divide upon how to best gain knowledge from the data at hand. Some 

methods, however, are motivated on frequentist and Bayesian grounds whilst also 

being used in machine learning, showing how the distinctions I described above can be 

blurred. Ridge frequentist regression is one example which estimates parameters of 

multiple regression models (Mallick and Yi 2013). Ridge regression combats problems 

including over-parameterisation and multicollinearity by introducing a shrinkage 

parameter for regularisation (Hoerl and Kennard 1970). The shrinkage parameter can 

be estimated in a frequentist or Bayesian manner, or via empirical cross validation as a 

machine learner (Mallick and Yi 2013). The individual regression coefficients are 

estimated essentially via a prior distribution specified by the shrinkage parameter, 

which is known as a random effects model in the frequentist framework. The shrinkage 

offered by ridge regression is particularly important for big data settings with myriads 

of correlated independent variables, such as when using genetic data. GWAS 

determines the effect of single nucleotide polymorphism (SNPs) as independent 

variables with a phenotype of interest as a dependent variable, such as COVID-19 

severity (The Severe COVID-19-19  GWAS Group 2020). Modern GWAS approaches 

typically estimate regression coefficients for every SNP; with two human genomes 

typically differing in 4 to 5 million sites (Auton et al. 2015) and studies rapidly 

approaching the 1 million participant mark (Hautakangas et al. 2022). Ridge regression 
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serves as a null model for GWAS, used as a baseline to test against the unconstrained 

association of individual SNPs with the phenotype, over and above the influence of the 

regularisation constraints imposed by the ridge regression (J. Zhang et al. 2021). This is 

known as a linear mixed model (LMM). If the difference in model performance between 

null model and the model with the addition of a single SNP with unconstrained effect 

size is significant, then an association is inferred (Appasani 2016). The parameter 

estimate of the regression coefficient gives the directionality and magnitude of effect of 

the mutation (de Vlaming and Groenen 2015), while the underlying ridge regression 

serves as a method of controlling confounders, both genetic and non-genetic (A. L. Price 

et al. 2010). In the machine learning framework ridge regression is used for prediction 

where the regularisation is introduced to prevent over-fitting (Rhys 2020), to select 

input features (Shichao Zhang et al. 2018), or to adjust output weights in artificial neural 

networks (G. Li and Niu 2013). Ridge regression demonstrates how the same tool can 

be used for varying means whilst also adhering to different philosophies. 

Even if used under multiple doctrines, generating insight in the big data era of infectious 

disease has not been accomplished by a singular tool or single collection of related 

methods. With the apparent performance trade-off between prediction and inference 

being expressed in differences in methodology, big data analysis requires the right tool 

for the right job. Both prediction, e.g. mortality prediction, and inference, e.g. risk factor 

analysis, are important for understanding infections, leading to an abundance of varying 

methods deployed in the field. My motivation in the following was not to explore all 

applications of a single approach, but to use methods taken from both machine learning 

and statistics to tackle current problems in infection using big data: 
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• As campylobacteriosis is the most prevalent food-borne disease, attributing the source 

of infection is an important tool in combatting outbreaks and the administration of 

public health interventions. Currently the most prevalent source attribution technique 

does not reflect the state-of-the-art data types that are available in the age of next 

generation sequencing. Including more complete captures of the bacterial genome 

could improve accuracy and would enable the assignment of sources to individual 

isolates, which is currently impossible. My aim in Chapter 2 is to address this 

shortcoming by reframing source attribution as a machine learning prediction task.  I 

apply gradient boosted trees to attribute the source of Campylobacteriosis infections in 

humans based on genetic differentiation between reservoir populations. I report a 33% 

increase of accuracy over the currently most widely used attribution techniques and 

enable prediction of source for individual samples which showed a change in host 

affinity in one of the most prevalent lineages in human infection. 

• Although C. jejuni is the most common cause of gastroenteritis, the understanding of its 

pathogenicity lack behind less prevalent microbes like Escherichia coli. Inferring 

knowledge about the different routes of infection from varying niches is further 

hindered by individual attribution of human samples being impossible. In Chapter 3 I 

use the source attribution I developed to fill the knowledge gap by using the prediction 

as starting points for statistical inference.  I use a GWAS to identify genetic variation 

that differentiates Campylobacter jejuni isolates from different host species using whole 

genome sequences. I show that pathways involved in surviving the microenvironments 

of poultry production and intestine to be significantly associated with host specificity. 

• With the instantaneous urgent demand of COVID-19 related insight, multiple studies 

have successfully leveraged the data contained in large well-curated databases to 
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perform risk factor analysis for disease severity. However, as complex diseases like 

COVID-19 are the result of intricate and interacting pathways, the risk factor discovery 

is heavily influenced by the prior choice of which variables to include. As there is 

currently no principled way for agnostic risk factor prediction, I aim to provide one 

alongside a prediction of COVID-19 severity risk in Chapter 4  which considers both 

prediction and inference problems. Using gradient boosted trees, I predict susceptibility 

to SARS-CoV-2 and the risk of different disease outcomes based on UK Biobank data. To 

subsequently assess risk factors, I use Bayesian point estimation to fit a logistic 

regression to a vast array of available measurements contained in the UK Biobank. As 

machine learning is a convenient tool for analysis large heterogeneous datasets, it is 

sometimes also used to interrogate risk factors, which is problematic as it does not 

address confounders.  To show the shortcomings of this approach, I compare different 

measures of feature importance in machine learning to the posterior inclusion 

probability of the Bayesian analysis. My comparisons show that importance assigned to 

individual variables by algorithms optimised for prediction, differs from the relative 

importance estimated by Bayesian inference. My findings further show that socio-

demographic factors and descriptors of ill health are important for disease outcome 

alongside history of prior lung injury. 

Apart from the domain specific knowledge generated in my work, I explore how to leverage 

the respective strengths of machine learning and statistical inference and how they can be 

complementary. Despite their differing motivations and data philosophies, the synthesis of 

machine learning and statistics holds tremendous power at the dawn of the big data era in 

infectious disease.  
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Chapter II 

2 Machine Learning to Predict the Source of 

Campylobacteriosis Using Whole Genomes 
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Overview 

Campylobacter jejuni is the main aetiological agent of the world’s most frequent 

foodborne illness, Campylobacteriosis. As there is a broad spectrum of origins of 

infections ranging from contaminated meat and poultry to drinking water, the designing 

of interventions hinges on accurate source attribution. The varying host affinities of 

different strains and their genetic manifestations can be leveraged for source 

determination through multi-locus sequence typing (MLST) schemes. Human isolates of 

Campylobacteriosis cases can thus be assigned sources based on the allelic variation 

observed in the source samples. The limited genetic capture of the seven MLST genes 

has bounded the maximum achievable accuracy of the probabilistic methods based on 

the sequencing scheme invented in the late 90s. My work broadens the spectrum of 

possible inputs to include core genome MLST (cgMLST) and whole genome sequences 

(WGS), whilst also improving the maximum achievable accuracy by 33% with the best 

performing classifier amongst multiple machine learning algorithms I trained. The 

previously most frequently used iSource method resulted in an attribution accuracy of 

64%, whereas on the same data the top performing machine learner achieved 71%. The 

cgMLST resulted in 85%, and the WGS approach was 78% accurate. Predicted sources 

show the unique ability of chicken niche specialists to infect humans, whereas 

generalists from other sources are the major contributors to human disease. To leverage 

the increased accuracy for furthering the understanding of Campylobacteriosis, a 

Bayesian inference algorithm was used to investigate the relative infectivity of C. jejuni 

strains within ST-21. Alongside changes in transmissibility to humans, I also identified 

differences in host affinities within the closely related isolates. By providing an easy-to-
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use classifier that can attribute individual isolates with high generalisability and low 

computational requirements I offer a scalable approach to the global surveillance of 

Campylobacteriosis, which can be readily improved when given new data. 

2.1 Introduction 

Gastroenteritis is responsible for an estimated nine million cases in the European Union 

annually and is caused primarily by the bacteria Campylobacter jejuni and 

Campylobacter coli. (‘The European Union One Health 2018 Zoonoses Report’ 2019; 

Kaakoush et al. 2015). Campylobacter bacteria are zoonotic microbes commonly found 

in the gut of birds and other animal species as a commensal (Sheppard et al. 2011a; 

Sheppard, Colles, et al. 2010a) but can cause serious infections when transmitted to 

humans. Campylobacteriosis is commonly accompanied by symptoms including nausea, 

fever, abdominal pain, and severe diarrhoea, with a low chance of causing debilitating, 

and sometimes fatal, sequelae (Nachamkin, Allos, and Ho 1998; Nielsen et al. 2010). 

Sources of infection can be animal faeces, contaminated drinking water and, most 

frequently, raw or under-cooked poultry and chicken or sheep meat (Altekruse et al. 

1999). Administering effective interventions requires detailed understanding of the 

relative contribution of different sources to human infection.  

As is common in bacteria, Campylobacter populations consist of diverse assemblages of 

strains (Sheppard et al. 2011a; Gilbert et al. 2016; Kirk et al. 2018; Sheppard, Dallas, et 

al. 2010). Some lineages within the structured population exhibit an increased host 

affinity towards one or multiple source animals, which can be leveraged for host 

attribution (Sheppard et al. 2011a; Sheppard, Colles, et al. 2010a; Ogden et al. 2009). 

Comparing the genetic variability of human isolates with C. jejuni samples from all 
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potential reservoir species allows for a probabilistic assignment of host origin based on 

observed similarity. 

Past source attribution efforts have determined raw or undercooked chicken meat as 

the main contributor to transmission to humans (Institute of Environmental Science and 

Research Ltd 2007; Sheppard, Dallas, MacRae, et al. 2009a). The development of 

targeted intervention was enabled by genetic source attribution (Nichols et al. 2012), 

most notably improved biosecurity measures on chicken farms halving disease 

incidence in New Zealand in 2007 (Sears et al. 2011; Nohra et al. 2020). 

The concept of connecting source to sink populations by genetic similarity was used in 

the development of methods assigning likely sources of human isolates based on allele 

frequencies observed in host reservoirs (Wilson et al. 2008a; Sheppard, Dallas, Strachan, 

et al. 2009a). The earliest methods are based on multi-locus sequence typing (MLST), 

one of the most abundant genotyping data for C. jejuni which is still the basis for most 

source attributions (Cody et al. 2019). MLST captures the genetic variation observed in 

seven housekeeping genes that are commonly found in all strains (Maiden et al. 1998a; 

Dingle et al. 2001). Samples are designated as the same sequence type (ST) if all seven 

alleles are identical, and as clonal complexes (CC) group if at least five loci are the same. 

The combination of observed allele frequencies in animals with genetic groupings 

allowed for the probabilistic assignment of the most likely source origin of STs and CCs. 

The main models for attribution are the asymmetric island model implemented in 

iSource (Wilson et al. 2008a) and the Bayesian population assignment model 

STRUCTURE (Pritchard, Stephens, and Donnelly 2000; Sheppard, Dallas, Strachan, et al. 

2009a). The application of both approaches has allowed for the determination of the 
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relative contributions of several farm and wild animal hosts to human transmission, with 

poultry being the foremost source of human gastroenteritis caused by C. jejuni across 

different regions and countries (Wilson et al. 2008a; Sheppard, Dallas, Strachan, et al. 

2009a; Mullner et al. 2009; Boysen et al. 2014; Di Giannatale et al. 2016; Kittl et al. 

2013). 

There are two core caveats of using bacterial genetic variation for source attribution. 

The first is that attribution ability is limited by the degree of genetic separation recorded 

in the underlying data. Genotypes in C. jejuni can be restricted to hosts (Sheppard et al. 

2011a; Mourkas et al. 2020), allowing for accurate attribution. However host niche 

generalists, which have relatively recently switched hosts, also exist (Sheppard, Cheng, 

Méric, Haan, et al. 2014; Woodcock et al. 2017), hindering the assignment of a definite 

source (Dearlove et al. 2016a). Host switching blurs the genetic separation leveraged by 

methods of quantitative attribution resulting in lower accuracy which is difficult to 

circumvent. The second caveat of host attribution can be more easily remedied. 

Specifically, the current most frequently used source attribution models are limited by 

the data type they have been developed for. Being a product of the state of 

technological progress in the late 90s, MLST only captures a miniscule part of the 

genome (~ 0.2% in C. jejuni (Kittl et al. 2013)), where modern sequencing technologies 

offer far greater potential at differentiating lineages but are currently not used for 

source attribution. 

In the following, I develop a machine learning approach that leverages current 

genotyping technology by using WGS data for C. jejuni source attribution of human 

isolates. This offers two advantages. Firstly, an agnostic approach to algorithm choice 
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where a wide array of general-purpose algorithms is included. This was proven 

successful by WGS-based machine learning source attribution approaches in Salmonella 

enterica and Escherichia coli (Shaokang Zhang et al. 2019; Lupolova et al. 2017). 

Secondly, I utilise several different WGS data types to facilitate the analysis of existing 

MLST, core-genome (cg)MLST and WGS datasets and reuse of data for streamlining 

genomic disease surveillance. My goal is to overcome existing limitations in source 

attribution methodology and demonstrate the ability of the resulting algorithm to 

generate insight into the differing infectivity of closely related C. jejuni lineages. 

2.2 Methods 

2.2.1 Dataset Collection and Preparation 

A total of 5,798 C. jejuni and C. coli genomes isolated from various sources and host 

species were available on the public database for molecular typing and microbial 

genome diversity: PubMLST (https://pubmlst.org/). WGS data corresponded to MLST ST 

and CC designations as well as cgMLST classes. The dataset was divided into training 

(75%) and testing (25%) sets using phylogeny-aware sorting, wherein all members of 

one ST were sorted entirely into either training or testing sets. The ST based sorting 

accounts for the phylogenetic non-independence of samples (Lees et al. 2020). To allow 

for sufficient sample sizes per reservoir population (hereafter “class”), only the five most 

prevalent classes for MLST and cgMLST were used (chicken, cattle, sheep, wild bird, and 

environment). For farm animals the classes “chicken” and “chicken offal or meat” were 

combined to “chicken” (likewise for sheep and cattle), whilst “environment”, “sand” and 

“river water” were combined into “environment”, consistent with previous studies 

(Sheppard, Dallas, Strachan, et al. 2009a; Thépault et al. 2017).  

https://pubmlst.org/
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2.2.2 Feature Engineering 

The allelic profiles of MLST and cgMLST were used directly. To exploit the gradient of 

separation encoded in the sequences underlying the MLST allelic profiles, allele 

sequences of the loci were downloaded and nucleotides encoded as dummy variables 

and k-mers (k=21) using DSK (Rizk, Lavenier, and Chikhi 2013a). DSK was also used for 

encoding the WGS as k-mers. Using k=21 led to a prohibitively large input vector due to 

the number of unique k-mers found in all genomes (109,675,176). The number of k-

mers was reduced by applying a variance threshold where k-mers that were present or 

absent in more than 99% of the samples were discarded, reducing the numbers of 

unique k-mers to 7,285,583. Furthermore, feature selection was performed by testing 

the dependence of the source labels on every individual k-mer using the Chi-Square 

statistic. To avoid data-leakage the feature selection was used before data was split into 

training and testing to select the 100,000 k-mers with the highest score. 

 

2.2.3 Algorithm Training 

All machine learning and deep learning was performed in Python (for a list of all 

algorithms see Figure 2-1). The XGBoost library (T. Chen and Guestrin 2016) was used 

for the gradient boosting classifiers with all other machine learners implemented in 

scikit-learn (Pedregosa et al. 2011). The hyper-parameters for each classifier were 

chosen using Cartesian grid search on five-fold cross-validation of the training set. The 

Keras library (https://github.com/keras-team/keras) was used to construct deep 

learning algorithms aimed at supplying a wide range of commonly used architectures. 

This was empirically found to be best, given that there is no standardised methodology 

for architecture selection of such models. Specifically the following were used: (i) A 
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recurrent neural network consisting of a layer with 64 gated recurrent units, a 50% 

dropout layer and Rectified Linear Unit (ReLU) activation layer; (ii) A 1-dimensional 

convolutional network with two convolutional layers of kernel size 3 and 5 respectively 

and 30 filters, both followed by 50% dropout layers and a ReLU layer; (iii) A Long short-

term memory (LSTM) network consisting of one LSTM layer with 64 units and a 50% 

dropout layer; (iv) A Shallow dense network with one dense layer with 64 units followed 

by a 50% dropout layer and a ReLU activation layer; (v) A Deep dense network with 6 

dense layers starting with 128 units and halving units with each successive layer. All 

individual dense layers are followed by a 50% dropout layer and a ReLU layer.  

To all deep learning architectures, an output layer comprising a dense layer with soft-

max activation with one unit for every class was added. The labels were encoded as 

dummy variables and categorical cross-entropy was used as a loss function together 

with the Adam optimiser (Kingma and Ba 2014). Cyclical learning rates were used with 

a maximum learning rate of 0.1 and a minimum learning rate of 0.0001 to overcome 

local minima. The accuracy on the test set was measured at every epoch and the overall 

best performing weights were stored as a checkpoint. The data was deployed in batches 

of 128 samples with every batch randomly undersampled so that each class was 

represented in equal proportions. The training was run for 500 generations with early 

stopping after 50 generations.  

 

2.2.4 Algorithm Testing 

Both machine learning and deep learning were tested on the same 25% test set. The 

original data were skewed in source composition by ratios which did not necessarily 
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reflect source origin of infection. Therefore, two methods were used to rebalance the 

classes in testing. The first test set featured an even distribution of classes, whereas the 

second undersampled the over-abundant chicken-origin genomes to emulate relative 

contribution to human disease. The ratios predicted by Wilson et al. (2008) were used, 

where Campylobacter genomes from chickens were 1.61 times more common than 

those from cattle. In both methods, rebalancing the classes was achieved by 

undersampling, which I repeated 200 times with replacement and averaged the 

accuracy over all iterations whilst also recording the variance. Accuracy, precision 

(positive predictive value), recall (sensitivity), F1, negative predictive value, specificity 

and speed were recorded as performance metrics (see Figure 1-3 in the introduction for 

an explanation of performance metrics). Speed was measured relative to other 

classifiers and a scale was defined with 0 being the slowest classifier and 1 being the 

quickest and all intermediate values being normalised within these confines. For 

comparison to previous methods, iSource was applied to the test dataset (Wilson et al. 

2008a). Having established that XGBoost on cgMLST was the best performing source 

attribution method, the classifier was retrained with both training and testing data and 

applied it to all 15,988 human cgMLST samples available on the PubMLST database. The 

prediction took 892 milliseconds on a Dell OptiPlex 7060 desktop using ten threads on 

an Intel Core i7-8700 CPU and 16 GB RAM. 

 

2.2.5 Phylogenetic Analysis 

The generalist index was defined as the number of sources the ST was found in across 

all isolates in the dataset, which included additional samples for which only MLST data 

was available. A phylogeny of CC21 genomes from both source-associated and human 
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isolates was built using Neighbour Joining, based on pairwise hamming distances of k-

mer presence/absence in the WGS dataset, as described by Hedge and Wilson (Hedge 

and Wilson 2014). TreeBreaker was used to infer the evolution of phenotypes across 

the phylogenetic tree of ST-21 and the most closely related sequence types. The known 

labels of the source-associated samples were used as phenotypic information for input 

into TreeBreaker (Ansari and Didelot 2016) together with the phylogeny of CC21. 

TreeBreaker was run for 5,500,000 iterations with 500,000 iterations as burn-in and 

1000 iterations between samplings. The phylogenetic trees were visualised with 

Microreact (Argimón et al. 2016a) and arranged alongside the results of TreeBreaker in 

Inkscape. 

 

2.3 Results and Discussion 

2.3.1 Machine learning Outperforms Popular Attribution Models for MLST Data 

To embed the source attribution accuracy in the performance of previous efforts, I used 

the asymmetric island model on the MLST dataset implemented in iSource, currently 

the most popular source attribution method (Cody et al. 2019). As seen in Figure 2-1, 

the random forest model which performed best on the MLST data (61.9%/68.5% 

balanced/unbalanced) performed slightly better than iSource (61%/64%) on the same 

dataset. Since allelic profiles do not consider the underlying sequences and only offer a 

binary comparison, matching or not, I incorporated allele nucleotides to explore 

whether the gradient of genetic differentiation offers better performance. I dummy 

encoded the loci sequences and used k-mers generated from the loci which boosted the 

best performing MLST classifiers to 67.9%/70.7% from nucleotide dummies and 

63%/67.5% from k-mers. 
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Figure 2-1 Performance of all classifiers 

A heatmap showing classifier performance on the class balanced (A) and imbalanced (B) 

test set. The individual cells are coloured according to the average accuracy on 200 

rounds of resampling with replacement with the variance noted next to the average 

accuracy. The averages of accuracy per classifiers are shown in the rightmost column, 

whereas the bottom column shows the averages per data type. 

2.3.2 Core Genome and WGS Datasets Increase the Power Of Source Attribution 

Models  

Having ensured the competitive performance of my machine learning algorithms to 

existing methods using MLST data, I focused on whole C. jejuni genomes. As the logical 

extension of seven-gene MLST, gene-by-gene approaches of genomic capture have 

been used in Campylobacter to transcribe a larger portion of the genome in silico. To 

describe the core genome, the cgMLST scheme was introduced that extended MLST to 
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1,343 loci present in the majority (>95%) of C. jejuni genomes (Cody et al. 2017a). 

CgMLST has the potential to offer greater discrimination of C. jejuni lineages which could 

improve source attribution efforts utilising genetic variation differing between hosts 

(Thépault et al. 2017). Tree-based ensemble classifiers continued their strong prior 

performance on cgMLST, with the XGBoost classifier achieving 81.3%/84.6% accuracy, 

which is also the highest accuracy over all data types and classifiers. 

Next, I assessed the relative performance of machine learners when applied to k-mers 

produced from WGS, where the average attribution performance was the highest 

among all datasets. The best-performing algorithm was a 1-D convolutional neural net 

(75.0/78.3%), performing better than the top-achieving classifier on MLST but worse 

than the best classifier on cgMLST despite WGS encoding more genomic information. 

This may be explained by the feature selection used to limit the input vector to 100,000 

k-mers.  

Beyond comparing classifier performance on different data types, I also wanted to 

investigate what led to the difference in performance. Comparing the predictive 

performance throughout all data types shows increases in encoded variation led to an 

improved average accuracy across all algorithms. Specifically exposing additional 

gradual separation of the underlying sequences resulted in better performance in MLST, 

even with the same ~0.2 percent of the genome being encoded. The accuracy 

comparison of all classifiers reveals strong performance of decision-trees ensembles 

across all data types, with random forests being the best among all ensemble learners 

on average. Algorithms based on decision-tree ensembles have been reported to 

perform well given genomic input (Austerlitz et al. 2009; Deneke, Rentzsch, and Renard 
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2017b; X. Chen and Ishwaran 2012), which has been attributed to their capacity to 

handle the interaction and correlation of features innate to genomic data (X. Chen and 

Ishwaran 2012).  

The highest performing simple learner was the k-nearest neighbour algorithm (KNN), 

which is potentially the result of the phenotypic trait to be predicted being hereditary. 

The ability to colonise specific hosts is passed down genetically with environmental 

factors also contributing to passing on the trait, as the proximity between parent and 

offspring cells is required. The mechanisms of inheritance lead to more closely related 

sequences having a higher probability of being associated with the same phenotype. 

Heritability could be causal for the observed success of the KNN algorithm. KNN assigns 

class based on neighbourhood in the hyperdimensional feature space (Kotsiantis, 

Zaharakis, and Pintelas 2006). The feature space in my captures work genetic similarity 

which also captures relatedness.  

The deep learning algorithms used here generally showed higher average accuracy with 

increasing dimensionality of the input data from MLST to WGS. Amid all deep learners, 

the RNN and LSTM achieved the highest accuracy, which was unsurprising given DNA is 

transcribed, and mRNA translated, successively from 5′ to 3′ end. This biological process 

is mirrored in RNNs and LSTMs, as both process input data sequentially and input 

weights are also tuned successively during back-propagation. The weights of the less 

well performing convolutional neural nets for example are fine-tuned concurrently. 

After the comparison of throughout all algorithms and data types, I wanted to assess 

the source attribution of the best-achieving classifier against the previous source 

attributions. 
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2.3.3 Machine learning Source Attribution is on the High End of Previously Reported 

Chicken Attribution Bound  

The overall highest accuracy across all datasets was achieved by gradient boosted 

decision tree using the XGBoost implementation on the cgMLST dataset, which was used 

for a more thorough analysis of performance. My source attribution, which I termed 

aiSource, compared to previous source attribution efforts can be seen in Figure 2-2-2, 

which reveals that my assignment of human cases to poultry is close to the higher bound 

of previous poultry attributions. Predicting more sources to come from chicken also 

results in lower assigned cases to come from all other niches, with only 0.4% of human 

cases predicted to have environmental origins. The diverging source attribution of 

aiSource to previous efforts could be the result of the greater discriminatory power the 

cgMLST data holds compared to MLST. To lend additional credibility to my source 

attribution beyond the comparison to other studies, I investigated the influence of 

possible confounders on source attribution accuracy. 
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Figure 2-2-2Comparison of my source attribution to previously published studies 

 

2.3.4 Host transition Imposes a Biological Limit on Source Attribution Models 

To understand the limitations of aiSource, I stratified error rates into factors potentially 

driving misclassifications in the different datasets as seen in Figure 2-3. The classifier 

most frequently mistakes isolates from sheep and cattle for each other, which is also a 

common error of other methods of source attribution (Wilson et al. 2008a). Frequent 

host switching resulting in overlapping gene pools could explain the misclassification 

and suggests a similarity in the ruminant gastrointestinal tract’s physiology (Kwan et al. 

2008). Beside host reservoirs, I further investigated other sources of error, as the season 

in which the sampling occurred (Méric et al. 2018) and geographical origin of the isolate 

(Kwan et al. 2008) are known confounders of source attribution. To this end, I stratified 

attribution performance by Campylobacter species, continent, year, and generalist 

index based on the full non-undersampled test dataset (Figure 2-4). 
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Figure 2-3 XGBoost Classifier performance on cgMLST 

 A) Misclassification matrix per source. The diagonal represents correct classification and 

off-diagonal fields are misclassifications. The percentages are calculated per row. B) 

Misclassification matrix as depicted in a flow diagram. C) Classifier performance on the 

unbalanced test set according to four different metrics per source population. D) Radar 

plot showing the classifier performance on the unbalanced test by seven metrics 

averaged over 200 rounds of resampling with replacement. The variation is depicted as 

a shaded surface underneath the black line representing the average. 
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Figure 2-4 Stratification of source attribution. 

 Source attribution per source, continent, year generalist index and Campylobacter 

species. A) Sample sizes across different factors in the imbalanced training set. B) 
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Prediction accuracy on the full test dataset divided by different factors. C) Source 

attribution stratified into varying factors. 

Approximately 10% of human Campylobacteriosis is caused by Campylobacter coli 

(Sheppard and Maiden 2015), another member of the Campylobacter genus. As it was 

readily available from PubMLST I wanted to explore whether my improved classification 

performance observed in C. jejuni extends to the closely related species. I found better 

attribution performance in C. coli, which is corroborated by previous investigations and 

possibly a result of the more strongly segregating lineages between C. coli hosts 

(Dearlove et al. 2016a). A higher relative contribution to human infection by isolates 

from sheep and the environment could further facilitate accurate attribution (Ogden et 

al. 2009; Roux et al. 2013; Strachan et al. 2009).  

A closer inspection of the influence of the sample size on XGBoost performance revealed 

that the paucity of wild bird samples (212 samples; 84% accuracy) did not encumber 

classification performance relative to the more ample samplings of cattle (716 samples; 

84% accuracy) and sheep (584 samples; 57% accuracy). Bird samples could be easier to 

classify due to lineages within wild birds being highly dissimilar from their farm 

counterparts, and cross-over to other host niches occurring only sporadically (Sheppard, 

Jolley, and Maiden 2012). It has been proposed that the ability to switch hosts can 

negatively impact attribution accuracy due to blurring the source-specific genetic 

fingerprint (Dearlove et al. 2016a). I investigated the impact of host switching on 

accuracy by defining a “generalist index” as the number of hosts in which an ST was 

found across all PubMLST samples. As expected, “specialist” strains isolated from fewer 

host animals were classified with increased accuracy. In concordance with my previous 
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findings 58% of all wild bird samples belonged to STs only found in this niche, whereas 

other environments exhibited lower proportions of specialists (environment = 41%, 

cattle = 9%, sheep = 3%, chicken = 32%). Despite varying across different generalist 

indices, performance was still adequate (lowest 75%) on the complete spectrum from 

specialist to generalist strains, which encouraged me to investigate how host switching 

influences infectivity based on my prediction. 

 

2.3.5 Human Infections from Non-Farm Sources Are Primarily Caused by Generalist C. 

jejuni 

A key selective force within C. jejuni’s evolutionary trajectory is the adaptive bottleneck 

occurring during transmission, as not all lineages transmit from source animal to human. 

To delineate the evolutionary forces during the bottleneck I separated isolates into host 

reservoirs and compared source samples to human samples attributed to the same 

source (Figure 2-5). Using this comparison, I caught differences between the 

populations strain composition as captured in CC distribution before and after 

transmission. The frequency shifts in CC compositions appear larger for the 

environment and bird niche than for farm animals suggesting a narrower selective 

bottleneck, which is expected given lower transmission from non-farm sources.  
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Figure 2-5 The adaptive bottleneck of C. jejuni transmission 

A visual representation of the adaptive bottleneck occurring during zoonosis. A) Changes 

in frequencies between clonal complexes in isolates from sources directly and human 

isolates predicted to stem from the same source are shown. B) Changes in frequency of 

the number of sources the clonal complexes can be found in. Some lineages only appear 
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in humans and thus cannot be assigned a generalist index, which is expressed in the 

white space on human side of transmission. C) Size of the selective bottleneck is 

visualised through the proportion of human infection. The phylogenetic trees shown 

within the bottlenecks are for illustrative purposes only.  

We also calculated the relative composition in generalist index before and after 

transmission from the CC composition (Figure 2-5B). Through analysing the shift in the 

generalist index, I gained insight of how the ability to colonise multiple hosts affects 

human infection specifically. In the non-farm niches the shift in generalist index shows 

that numerous CCs unique to environment and bird (and to a lesser degree ruminants) 

are either absent or less frequent in human samples. The frequency of generalists rises 

after transmission in their stead which suggests infectious lineages from the non-

chicken niches are mostly generalists. This finding is in line with Dearlove et al. (2016) 

who suggested that generalists are more infectious to humans due to rapid host 

switching.  

Our data shows chicken specialists to be the only niche restricted strains highly 

infectious to humans. Interpreting differential transmission based on host switching 

capabilities crucially depends on whether my chicken generalist indices are artefactual. 

If biological underpinnings cause chicken specialist lineages to be infectious, this could 

explain the higher transmission rates from poultry. Commonalities in immune response, 

gastrointestinal tracts, or the different handling of poultry compared to other meats 

could explain the higher infectivity. However, the high number of chicken specialists 

could also be due to the oversampling of chickens (4,147 samples compared to 716 

cattle and 584 sheep). The high number of chicken restricted lineages is especially 
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striking as the other farm animals show a low number of specialists before and after 

transmission. However, the residual farm animals being sheep and cattle, which likely 

have similar gastro-intestinal features, would make the evolution of niche specialism 

less likely. As Sheppard et al. (2011b) speculate, the ecological factors of a farm 

environment are conducive to host switching. An increased potential for horizontal gene 

transfer through proximity enables closely related strains to colonise phylogenetically 

distant host animals. My findings indicate that chicken niche specialists must have a 

unique ability to colonise humans compared to other farm niche specialists. Beyond the 

investigation of the transmission bottleneck through strain composition, which would 

also be possible using older methodology, my source attribution allows me to attribute 

individual samples, which opens new lines of investigation. 

2.3.6 The Fine-Grained Structure of Source Attribution can be Identified with Machine 

Learning 

Past predictive efforts in source attribution based the assigned label on the genotype 

frequencies in the host reservoirs observed in sampling. However, sampled source 

distributions are not automatically accurate depictions of relative contribution to 

human infection. Lineages outcompeted by others in one niche could have increased 

fitness given a different environment, suggesting that rarely observed source lineages 

could disproportionally contribute to human infection. This dynamic has been 

exemplified in the chicken processing chain, where genes promoting an increased 

survival ability outside the gut, has led to an up-sampling of strains exhibiting the fitness 

promoting allele (Yahara, Méric, Taylor, Vries, et al. 2017). Similar evidence exists for 

the transmission bottleneck, where genes associated with human niche tropism leads 

to shifts in the composition of C. jejuni strains assemblages (Méric et al. 2018). With my 



Machine Learning to Predict the Source of Campylobacteriosis Using Whole Genomes 

Results and Discussion 

69 

 

algorithm, which is capable of attributing sources to individual samples, the relative 

frequency changes in transmission can potentially be detected in a finer-grained source 

attribution.  

The application of TreeBreaker (Ansari and Didelot 2016) allowed me to search for 

potential evidence of varying host affinities within the dataset. I focused on the 

phylogeny of CC-21 as a lineage found across multiple host reservoirs and commonly in 

human campylobacteriosis cases (Sheppard, Cheng, Méric, Haan, et al. 2014). The 

prediction of TreeBreaker shows a change in host association on a branch grouping of 

the cattle-associated ST-21 subgroup and the cattle-associated lineages ST-982 and ST-

806 (Figure 2-6A). The observed host composition in this clade (asterisked in Figure 

2-6A) is divergent from the residual samples of CC-21 consisting largely of chicken and 

sheep isolates. Furthermore, the clade under investigation showed an increased 

transmission to humans. Generally, CC-21 is over-represented in isolates from humans, 

potentially owing to its host generalist status. However, in the asterisked clade and the 

most related STs 982 and 806, I only observe expansion ranging between 1.7 and 3.6-

fold, whereas the rest of CC-21 expanded 5.5 to 6.2-fold (Figure 2-6B). 
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Figure 2-6 The varying host affinities of CC-21  
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Phylogeny of clonal complex 21 of host animal associated samples and (A) bar charts 

showing the known source distribution and human samples (B) alongside the predicted 

source distribution. The phylogeny is based on neighbour joining using hamming 

distance of the k-mers drawn from WGS. The connecting lines show the increase in 

frequency of the clades in human samples and the size of the grey circles show the 

posterior probability of a change in phenotypic distribution along the branches of the 

tree. 

The apparent switch of host affinity within the lineage most abundant in human 

infections, also seemingly changed the ability of transmission to humans. A change in 

infectivity lead to a shift in predicted source composition of CC-21 in human infections 

compared to the same strain isolated from animals. Using previous methodology of 

assigning source, the discovery of this shift within CC-21 would have been impossible 

with potentially detrimental effects to understanding disease. 

 

2.4 Outlook and Conclusions 

With the ever-increasing wealth of available pathogen sequences grows the potential 

for broadening our incomplete understanding of zoonotic diseases given appropriate 

methodology. My analysis has revealed tree-based ensemble methods as fitting 

algorithms for classifying bacterial genetic sequences, which provides opportunity to 

improve the accuracy host source attribution for human Campylobacteriosis. The 

strength of this approach crucially hinges on utilising the full gradient of genomic 

differentiation offered by cgMLST and WGS data. Genetic differences specific to host 

reservoirs can be found in both core and accessory genes (Sheppard et al. 2013a) the 

use of which is subject to practical considerations. Having more computational power 
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at my disposal, could have enabled the use of all k-mers present across all genomes 

(here 109,675,176 unique kmers) whilst using multiple algorithms for cross-validation 

and bootstrap replication.  

Beyond an increased ability for source attribution, by uncovering the fine-grained 

structure of genomic signatures of host specificity, aiSource offers tremendous 

opportunity to incorporate shifts in strain composition between samples taken from 

animal reservoirs and human isolates. This can facilitate the investigation of the ability 

of specific lineages to survive outside of the host sufficiently long to transmit to humans 

and the propensity to colonise human intestines when the opportunity arises (Yahara, 

Méric, Taylor, Vries, et al. 2017; Méric et al. 2018). Intuitively, this leads to questions 

about the genomic underpinnings of bacterial host adaptation, specifically the extent to 

which ‘associated’ genetic elements represent adaptations and whether the same genes 

and alleles enable colonisation of different host niches.  

Improving on my approach, more abundant sampling, and subsequent incremental 

training of aiSource could provide additional improvement The algorithm’s low 

computational requirements combined with a high prediction speed make it an 

excellent tool for prediction of large genomic datasets. Moreover, by using phylogeny-

aware train/test splitting for assessing accuracy, the high predictive performance should 

prevail even when given new genetic variants. As implemented in the algorithm 

available on https://github.com/narning1992/aiSource, the classifier can readily be 

retrained given new data or different phenotype labels. AiSource thus has considerable 

potential for the deployment in an automated and continuous disease surveillance 

systems to reduce the burden of Campylobacteriosis that remains one of the most 

common food-borne illness in the world.  

https://github.com/narning1992/aiSource
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Overview 

The pathogen Campylobacter jejuni, the most common aetiological agent of foodborne 

gastroenteritis, is also a pervasive gut symbiont of farm animals. Its ability to switch 

hosts allows for increased transmission events and is common across multiple C. jejuni 

strains. Understanding the genetic underpinnings of host generalism is important for 

combatting Campylobacteriosis because the most common strains in human infection 

are also universally present in farm animals. I conducted a genome wide association 

study (GWAS) based on sequences from multiple studies found in PubMLST, utilising 

phenotypes based on the prediction of new source attribution methods, through which 

I aim to provide a more comprehensive analysis of C. jejuni niche adaption than 

previously possible. I identified a common fluoroquinolone resistance mutation which 

pre-adapts C. jejuni chicken samples for transmission to humans on a population level. 

The effects of the mutation previously uncovered in a moth model highlights the 

dangers of pervasive antibiotic use in food production beyond the rise of antimicrobial 

resistance. In both ruminant and chicken niches I uncovered genes that increase survival 

in the varied stressors of the food production chain, and invasion of epithelial cells 

increasing affinity to human hosts. I also identified polyphosphate pathway genes that 

are differentially associated between the ruminant and chicken niche. My results 

demonstrate the utility of large-scale meta-approaches to investigate pathogen 

evolution based on public databases. By establishing a robust methodology for 

combining heterogeneous studies, I hope to provide a first step towards streamlining 

the gain of evolutionary insight from the large wealth of publicly deposited genetic 

sequences, and to ultimately contribute to the development of automated GWAS. 
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3.1 Introduction 

Campylobacter jejuni is primarily known as the pathogen responsible for the most 

common form of foodborne gastroenteritis worldwide (Kaakoush et al. 2015) but can 

also inhabit non-human hosts by acting as a symbiont in the gut of livestock animals and 

wild bird species (Burnham and Hendrixson 2018). The ability to colonise multiple hosts 

provides an advantage by increasing the habitat range, but may be limited by genetic 

constraints on the ability to adapt well to different host environments (Woolhouse, 

Taylor, and Haydon 2001), where the adaption to one host potentially comes at a fitness 

cost to another (Giraud et al. 2001). The trade-off between the competitive advantage 

conveyed by better adaption to one environment versus the benefit of switching niches 

is thought to create and maintain phenotypic diversity in a heterogeneous environment 

(Van Tienderen 1991). In C. jejuni the different evolutionary solutions manifest as a wide 

range of specialist and generalist strains (Sheppard, Dallas, MacRae, et al. 2009b; 

Sheppard, Dallas, Strachan, et al. 2009b; Sheppard, Colles, et al. 2010b; Sheppard, 

Cheng, Méric, de Haan, et al. 2014). As generalists are common contributors to human 

infection (Dearlove et al. 2016b), uncovering the genetic underpinnings of host 

switching is of paramount importance for alleviating the burden of Campylobacteriosis. 

Supplied with a growing availability of genomic sequences, genome-wide association 

studies (GWAS) were conceived to examine human disease by uncovering causal 

variants as potential drug targets (Uffelmann et al. 2021). Since their inception GWAS 

have been widely used in bacteria to examine the genetic basis of a range of important 

phenotypes relating to severity of infection, antimicrobial resistance (i.e. Young et al. 

2021; The CRyPTIC Consortium 2021; Earle et al. 2021) and host affinity (2013). 
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Sheppard et al (2013) were the first to apply GWAS to investigate host adaption of C. 

jejuni to cattle and chicken using 192 isolates of the generalist clonal complexes (CC) 21 

and 45. The presence of the three panBCD genes responsible for Vitamin B5 biosynthesis 

were found to be essential for survival in cattle, presumably because Vitamin B5 is scarce 

in grasses but abundant in chicken feed. The genetic basis of biofilm formation was 

analysed by Pascoe et al. (2015) using 102 assemblies from CCs 21 and 45. The GWAS 

revealed genes in motility, capsule production, adhesion, glycosylation and oxidative 

stress as important in biofilm formation. Yahara et al. (2017) used 600 genomes of CCs 

21 and 45 from different stages of the poultry processing chain. The study uncovered 

genes involved in formate metabolism, aerobic survival, oxidative respiration, and 

nucleotide salvage to enable C. jejuni’s survival from farm to fork. Buchanan et al. (2017) 

undertook the first GWAS investigation into pathogenicity, using 166 representative 

genomes to identify 25 genes as diagnostic markers. Vitamin B5 biosynthesis pathway 

members were again found alongside genes involved in iron acquisition, and β-lactam 

antibiotic resistance. In the most recent GWAS, Epping and colleagues (2021), looked at 

host specificity on the basis of 490 genomes of animal, environmental and human origin 

identifying markers involved in genome maintenance and metabolic pathways. The five 

published GWAS offer a multi-faceted view on the mechanisms of niche adaption of C. 

jejuni using a study design tailored to the focal phenotype. 

The utility of a “prospective” study design with carefully selecting, sequencing, and 

assembling isolates for analysis is not the only way of garnering insight into the 

phenotype under investigation. The deposition of sequences generated in past GWAS 

and similar studies onto public databases has amassed a wealth of publicly available C. 
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jejuni genomes, laying the foundation for new “retrospective” study designs. Looking at 

previous studies reveals that the potential of the 53, 097 C. jejuni assemblies listed on 

PubMLST (Jolley, Bray, and Maiden 2018) remains mostly untapped. The most extensive 

GWAS to date uses 600 samples (Yahara, Méric, Taylor, de Vries, et al. 2017) and three 

out of five studies focus on just two C. jejuni clonal complexes out of 42 listed on 

PubMLST. I aim to build upon past C. jejuni studies and combine the published data into 

a more comprehensive analysis of adaption to varying host environments. The 

retrospective approach offers the benefit of increased power due to bigger sample size 

with the ability to study multiple phenotype splits using the same methodology. 

Combining heterogeneous studies however comes with caveats, as differences in 

sequencing setup and assembly techniques can confound the analysis (Tom et al. 2017). 

I therefore aim to establish a robust protocol for bacterial GWAS based on public 

databases which can harvest the potential of the ever-increasing availability of 

genomes. 

The large public databases at my disposal not only facilitate retrospective analyses with 

bigger sample sizes, but also allows me to pose different research questions using novel 

methodology. Attributing the source of C. jejuni infection was previously (Wilson et al. 

2008b) based on 7-gene MLST (Maiden et al. 1998b). In MLST, the smallest predicted 

entity are entire STs. The development of a new source attribution method using 

cgMLST, comprising 1,343 genes, enabled source prediction at the level of individual 

samples (Arning et al. 2021 and chapter 2). I am therefore equipped with novel data 

that allows us to conduct original analysis, namely investigating the separate 

transmission chains from ruminant and chicken to humans. I additionally revisit the 
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question of niche adaption to ruminants and chicken in a bigger sample size. Comparing 

samples collected from ruminants and chicken uncovered genes in nucleotide salvage 

and chemotaxis regulators towards iron and phosphate as crucial for host specificity. I 

also report that mutations conferring resistance to antimicrobials also increase 

transmission from chickens to humans. The study of different evolutionary trajectories 

from two main sources of infection could allow for more bespoke public health 

interventions to alleviate the disease burden of Campylobacteriosis.  

3.2 Methods 

3.2.1 Dataset Collection and Preparation 

The study presented here was based on the dataset used in Arning et al. (2021 and 

chapter 2) which can be accessed under pubmlst.org/bigsdb?db=pubmlst_Campy-

lobacter_isolates&page=query&project_list=102&submit=1. I strictly filtered all 20,314 

available genomes to avoid confounding the analysis by the heterogeneous nature of 

the contributing studies (Tom et al. 2017). To prevent artefacts resulting from differing 

sequencing workflows I selected 10,111 genomes, by limiting all genomes to samples 

from bioproject accessions PRJEB2075, PRJEB4848 and PRJNA505131, which resulted in 

7707 human, 1606 chicken, and 797 ruminant samples. I filtered the database down to 

these three studies to avoid batch effects due to sequencing chemistry or technology. 

The three studies have similar sequencing setups with read lengths ranging between 

190 and 210 base-pairs and using Illumina HiSeq 2500 or 2000 as sequencer and 

containing only samples from the UK. Bioproject PRJNA505131 had no ruminant 

associated samples and was therefore removed for all phenotype splits with ruminant 

source samples. 
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3.2.2 Bioinformatics Processing 

As differing assembly strategies potentially generate erroneous hits, all genomes were 

reassembled from scratch. The read data was obtained from the sequence read archive 

(Leinonen, Sugawara, and Shumway 2011) and adapter sequences trimmed using fastp 

(S. Chen et al. 2018). Reads were corrected with BayesHammer (Nikolenko, 

Korobeynikov, and Alekseyev 2013) before assembly with SPAdes (Bankevich et al. 

2012) using the –careful flag. The resulting assemblies were aligned to 10 chromosome 

level assemblies of C. jejuni (accession numbers: ASM143234, ASM231296, ASM993964, 

ASM993966, ASM993970, ASM993972, ASM1320568, ASM1336377, ASM1336381, 

ASM1339499) using Ragout (Kolmogorov et al. 2014) and assembly errors were 

corrected using POLCA (Zimin and Salzberg 2020) both in default mode.  

AiSource (Chapter 2, https://github.com/narning1992/aiSource, Arning et al. 2021) was 

retrained based on the core-genome multi-locus sequence typing (cgMLST) obtained 

from the source associated genomes using PubMLST (Jolley and Maiden 2010) with the 

sheep and cattle labels combined into a ruminant class, and pig, bird and environment 

classes combined into an “other” class (Cody et al. 2017b). The chicken, ruminant and 

other classes were used for training, and the human samples predicted as the “other” 

class were removed from the analysis as they were not of interest for the GWAS. The 

machine learner predicted 6374 chicken, 1480 ruminant and 290 “other” samples from 

the 8144 samples isolated from humans. Genomes were subsequently filtered as 

described below before use in the GWAS.  

With contamination being a source of spurious hits, all contigs not originating from C. 

jejuni as predicted by Kraken (Wood and Salzberg 2014) were removed from the 

https://github/
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assemblies. The statswrapper script from the BBMap suit (Bushnell 2014) allowed the 

removal of outliers in assembly characteristics, such as number of bases, number of 

contigs, N50, gap percentage, GC-content, read coverage. The read coverage was 

generated by mapping all reads to the reference genome NCTC11168 with Bowtie 2 

(Langmead and Salzberg 2012) using the -k 1 and -very-careful flag. The depth tool 

within the Samtools package (H. Li et al. 2009) was used to generate a coverage from 

the reads. For every assembly characteristic listed above, genomes deviating more than 

1.5 times the inter quartile range from either the first or third quartile were discarded. 

After generating 31-mers from all genomes using DSK (Rizk, Lavenier, and Chikhi 2013b) 

for use in the GWAS, all genomes diverging more than 1.5 times the inter-quartile range 

from the first and third quartile of the number of unique k-mers were removed. After 

quality filtering the dataset consisted of 7,211 genomes. 

3.2.3 Study Design 

To investigate the adaption of C. jejuni into different host niches, appropriate phenotype 

splits for the GWAS were chosen from the dataset.  

• Ruminant source vs ruminant human: C. jejuni isolated from colonised ruminants 

(controls; n = 394) versus C. jejuni isolated from human infections predicted to 

originate from ruminants (cases; n = 553). I aimed to identify genetic variations 

allowing C. jejuni to transmit from their commensal lifestyle in sheep and cattle into 

human Campylobacteriosis.  

• Chicken source vs chicken human: as above but focusing on isolates from colonised 

chicken (controls; n = 360) versus human infections predicted to be of chicken origin 

(cases; n= 2095).  
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• Chicken source vs ruminant source: isolates from colonised chicken (cases; n = 279) 

versus isolates from colonised ruminants (controls, n= 218). This revisits the 

question of genetic variants associated with different commensal environments. 

3.2.4 GWAS 

The GWAS was performed using the R package bugwas (https://github.com/sgearle/ 

bugwas, Earle et al. 2016) that controls for population structure by using linear mixed 

models (LMM) with GEMMA (X. Zhou and Stephens 2012). To capture the genetic 

variability in the dataset, a presence/absence table of all unique 31-mer patterns was 

produced using k-mers generated from the assemblies by DSK (Rizk, Lavenier, and Chikhi 

2013b). From the k-mer presence/absence table, a centred relationship matrix was 

calculated in Java which was (1) input into GEMMA and (2) to construct a phylogenetic 

tree via neighbour joining in the R package ape (Paradis, Claude, and Strimmer 2004). 

For additional, statistical, control of batch effects, the following variables were included 

as covariates: coverage of the genomes in reads, number of contigs, the contig N50, the 

scaffold L50, the average GC-content and the gap percentage of the genome. The 

bioproject accessions were included as factors, encoded via dummy variables. I used a 

2% minor allele frequency threshold for GEMMA. The multiple testing corrected 

significance threshold was computed using the Bonferroni method to control the 

strong-sense family-wise error rate. A significance threshold of 0.05 was chosen which 

was divided by the number of tests defined by the unique 31-mer patterns observed in 

the phenotype split. This produced the following significance thresholds on a -log10 

scale: 

 

https://github.com/sgearle/%20bugwas
https://github.com/sgearle/%20bugwas
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• Ruminant source vs ruminant human: -log10(p) ≥ 6.71 

• Chicken source vs chicken human: -log10(p) ≥ 7.17 

• Chicken source vs ruminant source: -log10(p) ≥ 6.77 

The phenotype split comparing ruminant and chicken samples showed inflated p-values 

in the quantile-quantile plots, so Treemmer (Menardo et al. 2018) was used to remove 

highly related samples from the dataset. The tree was trimmed at 97% of its original 

root-to-tip length by individually discarding leaves resulting in the case and control 

numbers shown under 3.2.3. The heritability of each phenotype split was computed by 

GEMMA using the LMM null model based on 31-mers.  

3.2.5 GWAS interpretation 

For interpretation of the significant k-mers, all unique 31-mers observed across all 

phenotype splits were iteratively mapped to multiple C. jejuni genomes. Using Bowtie2 

with the -very-sensitive flag, all k-mers were first mapped to the C. jejuni NCTC11168 

reference genome and all C. jejuni plasmid assemblies available on the National Center 

for Biotechnology Information (NCBI) assembly page. All k-mers not aligning with a 

mapping quality above 10 were then mapped via the same process to all 10 whole-

chromosome level assemblies of C. jejuni available (accession numbers as listed in 2.2). 

The same process was repeated with a representative subset of all C. jejuni samples 

chosen with cd-hit (W. Li and Godzik 2006) using a cut-off of 97% identity (166 

genomes). Finally, all remaining k-mers that did not map with a mapping quality of at 

least 10 were mapped against all 414 available complete C. jejuni genomes with genome 

annotation on NCBI assembly. If k-mers were still not mapped with a quality of 10 after 

4 rounds of bowtie, BLAST (Altschul et al. 1990) was used with a query coverage of at 
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least 90 and an e-value of at least 0.1 and at least 95% identity against the same 4 

datasets as described in the bowtie mapping. All hits that did not map with a quality of 

at least 10 were considered unmappable for the purpose of this study. 

The plots depicting the GWAS results, such as the Manhattan plots, quantile-quantile 

plots and forest plots were generated in Python 3.8 using the matplotlib (Hunter 2007) 

and seaborn libraries (Waskom 2021). The trees depicting k-mer presence/absence 

patterns were generated in Microreact (Argimón et al. 2016b). Individual genome-wide 

significant hits were plotted using the DNA Features viewer library (Zulkower and Rosser 

2020) in Python with genome annotations downloaded from NCBI assembly. The k-mers 

were aligned to the reference genomes downloaded from NCBI using Mafft (Katoh et 

al. 2002) with the -auto function. K-mers were merged when they overlapped by more 

than 15 bases and their overlaps and their directionality of effect as measured by the 

regression coefficient beta were identical. To confirm the hits are not the result of 

systematic differences between the three different bioproject study designs, such as 

uncontrolled batch artefacts, I repeated the GWAS by performing three pairwise 

comparisons between all bioproject accessions, treating the bioproject as the 

phenotype. The effect size and direction of the LMM were recorded as z-scores of the 

beta value (the beta estimate divided by the standard error). 

For the comparison of resistance conferring mutations in the NCTC11168 genome, I 

used AMRFinderPlus (Feldgarden et al. 2021) with default command line options. 

3.3 Results 

Starting with 20,314 C. jejuni genomes publicly available from PubMLST, I filtered the 

dataset to 10,148 samples originating from three studies with similar sequencing 
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characteristics to avoid confounding batch effects. I further filtered outliers based on 

sequence characteristics, resulting in 7,211 genomes, all phenotypes considered. 

3.3.1 Isolates from ruminant versus human isolates predicted to come from ruminants 

We first compared isolates drawn from ruminants and human C. jejuni samples 

predicted to be transmitted from contaminated ruminant meat or milk. The sample 

heritability of the phenotype was 25.4 % +/- 7.5 (one standard error). As seen in Figure 

3-1 no k-mer passes the genome-wide significance threshold at a -log10 p-value of 6.7, 

potentially due to the fewer samples available in this split (n = 947) compared to other 

splits under investigation. 

 

Figure 3-1 Ruminant source vs ruminant human hit 1. 
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A detailed view of the most significant hits of my GWAS study comparing source 

associated ruminant samples with human samples predicted to come from ruminants. 

A) The Manhattan plot of the GWAS. B) A zoom in around the most significant hit shows 

the genome annotation of the NCTC11168 in closer proximity to the hit. C) A forest plot 

shows the beta of the association across different bioproject accessions. D) An alignment 

of all significant k-mers with the NCTC11168 reference genome with the z-scores of beta 

listed on the left. 

 

Figure 3-2 Qq-plot Ruminant source vs ruminant human. 

The quantile-quantile plot of the genome-wide association study comparing source 

associated ruminant samples with human samples predicted to come from ruminants. 

The -log10 p-values of all k-mer patterns analysed in the association study are compared 

with quantiles of a uniform probability distribution to an inflation of significance. 
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Figure 3-1 shows the region of the most significant 31-mers, which had a -log10 p-value 

of 5.6 and a z-score of the beta of -4.7, with Figure 3-2 showing the associated qq-plot. 

The negative directionality of effect signifies an association with samples drawn from 

ruminants. The k-mers are mostly identical to the intergenic region on NCTC11168 at 

positions 878453 to 878500 with a few single nucleotide mutations in individual 

sequences. The most significant k-mer with a positive directionality of effect (z-score of 

beta = 1.83) indicating association with human samples, introduced an 8bp gap into the 

alignment.  

3.3.2 Isolates from chicken versus human isolates predicted to come from chicken 

C. jejuni samples isolated from chicken were compared with human-isolated samples 

predicted to be transmitted via contaminated chicken. This test of association between 

chicken samples and human C. jejuni isolates transmitted via chicken revealed that 

22.78 % +/- 3.4 of the phenotypic variability could be attributed to the genotype. Four 

distinct k-mer patterns pass the significance threshold of -log10 p-value of 7.17. Only the 

most significant hit at a -log10 p-value of 10.7 could be mapped above the quality 

threshold of 10 (Figure 3-3). The qq-plot of the phenotype shown in Figure 3-4. 
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Figure 3-3 : Chicken source vs chicken human hit 1. 

A detailed view of the most significant hits of my GWAS study comparing source 

associated chicken samples with human samples predicted to come from chicken. For a 

more detailed explanation of the individual panels see the caption of Figure 3-1. 

Additionally, panel D) here shows an amino acid translation of the protein the k-mer 

maps to. 
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Figure 3-4 Qq-plot of Chicken source vs chicken human 

The quantile-quantile plot of the genome-wide association study comparing source 

associated chicken samples with human samples predicted to come from chicken.  

3.3.3 The k-mer associated with the most significant pattern mapped within the gene 

named DNA gyrase subunit A (gyrA), also known as DNA topoisomerase 2. The 

reference version of the gene is most significant and associated with chicken 

isolates with a z-score of beta of -6.85, whereas a G to A substitution at gene 

position 247 is linked to human isolates with a z-score of beta at 6.54. Isolates 

from ruminants versus isolates from chicken 

Comparing chicken to ruminant isolates revealed a higher sample heritability than all 

other splits at 60.3% +/- 6.1 %. Two patterns passed the corrected threshold of a -log10 

p-value of 6.7, with the top hit mapping best to assembly CP013116.1 which was 

generated by sequencing C. jejuni strain T1-21. 
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Figure 3-5 Ruminant source vs chicken source hit 1 

A detailed view of the most significant hits of my GWAS comparing source associated 

chicken samples with source associated ruminant samples. The Manhattan plot for all 

hits on genome CP013116.1 is omitted, as only few k-mers map onto this genome. For a 

more detailed explanation of the individual panels see the caption of Figure 3-1. 
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Figure 3-6 Qq-plot of ruminant source vs chicken source 

The quantile-quantile plot of the genome-wide association study comparing source 

associated chicken samples with source associated ruminant samples. 

The pattern shown in Figure 3-5 has a -log10 p-value of 8.9 and a beta z-score of 6.22 

which suggests an association with ruminants. The qq-plot of the GWAS is shown in 

Figure 3-6. The hit maps to the non-reference C. jejuni genome CP013116.1 within the 

gene producing the protein ASB61_06320.  
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Figure 3-7 Ruminant source vs chicken source hit 2 

A detailed view of the second most significant hits of my GWAS study comparing source 

associated chicken samples with source associated ruminant samples. For a more 

detailed explanation of the individual panels see the caption of Figure 3-1. 

The second most significant hit at a -log10 p-value of 6.9 has a z-score of beta of -5.46, 

as seen in Figure 3-7, which indicates an association with chickens, as opposed to 

ruminants. The associated k-mer maps on the reference genome NCTC11168 within the 

gene cj0144.  



Genome wide association studies in Campylobacter jejuni 

Discussion 

92 

 

3.4  Discussion 

3.4.1 Glutamine Uptake Genes Associated with Transmission from Ruminants to 

Humans, but Did Not Reach Genome-Wide Significance 

The most significant k-mer in the comparison between isolates from ruminants and 

human isolates predicted to come from ruminants maps between the genes for Cj0939 

and Cj0940. The proximity to both genes potentially indicatges regulatory function in 

one or both genes. In the following I adapt non-capital italic names for genes and capital 

non-italic names for the corresponding proteins. Cj0939 is a hypothetical protein with 

no known function, making it difficult to draw conclusions about its role in 

pathogenicity. Cj0940 is known as the glutamine ATP-binding cassette (ABC) transporter 

permease protein (GlnP). Bacteria use ABC transporters to move nutrients across the 

cellular membrane to scavenge substrates from within the host (Tanaka et al. 2018). C. 

jejuni’s growth is reliant on the uptake of amino and keto acids from the host 

microenvironment, due to the inability to use sugars as a carbon source (Velayudhan 

and Kelly 2002). Glutamine is used by C. jejuni to generate glutamate via hydrolysis 

which in turn can be decomposed into carbon (Hofreuter, Novik, and Galán 2008). 

Glutamine is also vital within the host as a nitrogen source through the deamination of 

glutamate (Lin et al. 2009). The ability of C. jejuni to scavenge glutamine from the host 

gut by this mechanism was shown to be crucial for pathogenesis of C. jejuni (Pei et al. 

1998; Leon-Kempis et al. 2006, Lin et al. 2009).  

Evidence for the involvement of GlnP in C. jejuni’s ability to survive the hostile gut 

environment is comes from functional analysis of glnP itself and through the study of 

glutamine scavenging within humans more broadly. GlnP was upregulated 2-fold or 

more in C. jejuni under hyperosmotic stress (Cameron et al. 2012), which can occur 
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during passage of the intestine or food processing (Cameron et al. 2012). De Vries et al. 

(2017) additionally show that mutants of glnP have reduced colonisation ability in 

chicken. The involvement of glnP in transmission may be twofold, by enabling survival 

of C. jejuni on the ruminant carcass and through protection of the bacterium in the gut. 

Hofreuter, Novik and Galan (2008) show that growth of the highly pathogenic strain 81-

176 in the presence of glutamine and asparagine is possible which was an unviable 

environment for the reference strain NCTC11168. Glutamine transport is likely a 

redundant mechanism as PaqP was experimentally identified as another ABC 

transporter permease in C. jejuni (Lin et al. 2009). Paqp appears to be upregulated in 

bacteria during human cell infection (Gaynor et al. 2005) and its deletion resulted in 

increased recovery of bacteria of epithelial cells and resistance to aerobic and organic 

peroxide stresses. With the proximity of the most significant hit to glnP and its 

involvement in human infection, it is conceivable that regulation occurs within the 

discovered region. Although the association does not pass the significance threshold, 

being the most significant hit in the analysis supported by the experimental evidence is 

suggestive of an involvement in virulence. My analysis offers some support for further 

experimental validation for the ability of the region 878,453 to 878,500 to influence 

transmission to humans, possibly through the regulation of glnP 

3.4.2 Fluoroquinolone Resistance Mutations are Associated with Transmission from 

Chickens to Humans 

The most significant hit in the comparison of isolates from chicken and human isolates 

predicted to be from chicken is a point mutation within the gyrA gene. The point 

mutation causes a change from threonine to isoleucine at amino acid position 86 and is 

the most common mechanism of fluoroquinolone (FQ) resistance in C. jejuni (Piddock 
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2003; Sproston, Wimalarathna, and Sheppard 2018). DNA gyrase precedes the DNA 

polymerase during DNA replication by negatively super-coiling the tightly wound DNA 

(Reece and Maxwell 1991). FQ disrupts replication by binding the DNA onto the gyrase 

resulting in double strand breaks of the genome eventually causing the death of the 

bacterium (Willmott et al. 1994). The gyrA mutation is believed to convey resistance to 

FQ by lowering the binding affinity of FQ to the DNA-gyrase A complex (Aldred, Kerns, 

and Osheroff 2014). The involvement of gyrA in FQ-resistance is well established, 

however the mechanism of involvement in pathogenesis has only recently been 

revealed.  

At first glance, the association between infection and antimicrobial resistance may 

appear to be a sampling artefact. As antimicrobial resistance encumbers routine 

treatment of gastroenteritis, protection from antibiotics could be a factor contributing 

to hospitalisation and thereby increased likelihood of C. jejuni sampling. Past studies 

however suggest that a side effect of the resistance-causing mutation in gyrA is to 

increase the fitness of C. jejuni within the host, which would also explain why it is the 

only antimicrobial resistance conferring mutation discovered here. Luo et al. (2005) first 

demonstrated that colonies carrying the gyrA mutation outcompeted FQ-sensitive 

strains when both were injected into chicken in the absence of antimicrobials. Whelan 

and colleagues (2019) extended this finding to Galleria mellonella moth larvae, 

demonstrating an increased invasion of epithelial cells and increased lethality in strains 

carrying the gyrA mutation. Whelan et al. propose that C. jejuni uses DNA supercoiling 

for controlling transcription (Shortt et al. 2016), since it lacks the intricate gene 

regulation mechanisms of other gastric pathogens (Jagannathan, Constantinidou, and 
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Penn 2001). The two-component regulatory system FlgRS is controlled by relaxation of 

DNA supercoiling and thus indirectly by gyrA. Relaxed supercoiling reduced FlgR 

expression and increased FlgS expression leading to decreased motility (Shortt et al. 

2016). Both flagella genes are known to be important factors in the ability of C. jejuni to 

colonise the host intestine (Hermans et al. 2011). Decreasing motility was shown to lead 

to enhanced biofilm formation under aerobic conditions (Whelan et al. 2019) and 

relaxed supercoiling has also been demonstrated to increase invasion of human 

endothelial cells (Scanlan et al. 2017). The G. mellonella model showed that relaxed 

supercoiling can be attributed to the resistance causing gyrA mutation also resulting in 

an associated increase in invasion of epithelial cells and virulence (Whelan et al. 2019). 

The experimental validation of mechanism of the gyrA mutation at position 247 in 

transmission in the moth model, corroborates the association discovered here. FQ-

resistance conferring mutations can influence transmission in two ways: By protecting 

C. jejuni from the oxidative stress during poultry processing by biofilm formation and 

increasing virulence through enhanced entry into epithelial cells (Whelan et al. 2019). 

Enhanced biofilm formation could also be the mechanism of resistance to FQ, which was 

shown to be the case for urinary tract infection causing Escherichia coli (Oliveira, Dias, 

and Pomba 2014). Biofilms composed of environmental DNA, as found in the biofilm of 

gyrA mutants (Whelan et al. 2019), safeguard the bacteria from contact with antibiotics. 

The gyrA gene could thereby reinforce the resistance conferred by decreased binding 

affinity to FQ, or conceivably be the main mechanism of resistance to FQ. The GWAS 

carried out here, appears to extend the conclusions drawn from moth models by 

Whelan et al. (2019) to the population level: The FQ resistance-causing gyrA mutation 
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pre-adapts C. jejuni for transmission to humans by increasing survival in food processing 

and entry into epithelial gut cells. 

The use of FQ in poultry is already controversial, due to the rise in resistant strains, 

particularly as FQ is the most common treatment of foodborne gastroenteritis 

(Sproston, Wimalarathna, and Sheppard 2018). However, the dual effect of the gyrA 

mutation may exacerbate the detrimental effect of pervasive antibiotic use during food 

production. The increased fitness of FQ resistant strains in chickens when co-inoculated 

with susceptible strains suggests the substitution pre-adapts C. jejuni to chicken. With 

the nucleotide change increasing survival on the chicken carcass and invasion of human 

endothelial cells as previously outlined, the single nucleotide change may increase 

fitness at multiple steps of the transmission chain. Whereas FQ is still widely used in UK 

poultry production (European Food Safety Authority and European Centre for Disease 

Prevention and Control 2020), the US banned FQ in poultry production in 2005 (L. B. 

Price et al. 2007). As the use of FQs for sheep and cattle continued to be allowed, the 

US experienced a rise in prevalence of FQ resistant strains in ruminants (Tang et al. 2017; 

Xia et al. 2019). If the gyrA mutation is indeed responsible for both antimicrobial 

resistance and increased transmission to humans, there should be more relative 

transmission from ruminants than chicken in the US compared to the UK. It is interesting 

to note that, when I used aiSource (Arning et al. 2021 and chapter 2) to compare the 

predicted source of all available UK (n=15,050) and US cgMLST samples (n=437), I 

observe a higher proportion of US samples attributed to ruminants (49.9%) compared 

to the UK (28.2 %). A better comparison would be the pre-2005 source attribution 

compared to samples from after the FQ ban, however this was not possible due to the 
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scarcity of sequences before 2005. The evidence that the FQ resistance-conferring 

mutation increases Campylobacter transmission to humans adds weight to the 

argument for banning FQ, not only for chicken production, but across all farm animals.  

3.4.3 GWAS Comparing Chicken and Ruminant Isolates Reveal Nucleotide Salvage and 

Chemotaxis Towards Iron and Phosphate as Host Associated Factors 

The most significant hits in the comparison of isolates from chicken and ruminant map 

to the gene producing ASB61_06320 on the genome CP013116.1. The biological 

interpretation of this hit is difficult as the annotation of genome CP013116.1 is less 

complete than C. jejuni reference genome annotation. Additionally, experimental 

validation is lacking to illuminate the mechanism by which the mutation can increase 

fitness in one niche is lacking. However, there is suggestive evidence for the involvement 

of the associated hits in guanine uptake which could interact with the polyphosphate 

pathway as is laid out below. 

 The protein produced by the gene the most significant hit maps to, ASB61_06320, is a 

guanine permease and the mapped k-mers show multiple mutations associated with 

amino acid changes. When using BLAST (Altschul et al. 1990) against the better 

annotated C. jejuni proteome, ASB61_06320 shows closest similarly to the protein 

encoded by cj1369 (identity = 90%, e-value = 0.044). The gene cj1369 is part of the 3-

gene nucleotide salvage operon found to be disease-associated in a GWAS study of C. 

jejuni (Yahara, Méric, Taylor, de Vries, et al. 2017). Yahara and colleagues stress the 

importance of nucleotide supply for replication, transcription, and translation albeit 

with the mechanism being unclear.  
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The analysis of purine biosynthesis genes purF and apt have shown purines to be 

important for intracellular epithelial survival by Cameron et al. (2015). The availability 

of purines was linked to the ability to survive osmotic and oxidative stress, due to their 

involvement in the polyphosphate pathway (Cameron et al.et al. 2015). Interaction with 

the polyphosphate pathway could explain the association of ASB61_06320 with host 

specificity as the protein was found to be differentially expressed in a knock down of 

the C. jejuni polyphosphate kinase (ppk) (Chandrashekhar et al. 2015). The ppk mutant 

was unable to survive osmotic shock and nutrient scarcity and was further incapable of 

colonising chicks, indicating a role in regulation of host affinity (Candon et al. 2007). The 

region discovered here might therefore be causal for a divergent ability to colonise 

ruminants and chicks through the interaction with polyphosphate, but the association 

invites further experimental validation. 

The most second most significant hit in the comparison of isolates from chicken and 

ruminants maps to within the cj1044 gene. Transcription of cj0144 produces a putative 

methyl-accepting chemotaxis signal transduction protein also known as transducer like 

protein 2 (Tlp2). In C. jejuni, transducer-like proteins are sensors of environmental 

stimuli through chemotaxis and energy taxis (Marchant, Wren, and Ketley 2002). The 

tlp2 knockout in C. jejuni led to decreased chemotaxis towards aspartate, pyruvate, 

inorganic phosphate, and iron and resulted in a decreased ability to colonise chicken 

intestines (Chandrashekhar et al. 2018). The gene was shown to be activated by 

inorganic phosphate and oxygen-reduced iron (Chandrashekhar et al. 2018). The 

oxygen-scarce gut microenvironment makes the reduced iron forms Fe2+ and Fe3+ the 

most readily available source of iron for gastric pathogens (Naikare et al. 2006). Iron 
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supply is vital for C. jejuni as a cofactor for enzymes and for the synthesis of iron sulphur 

proteins and cytochromes (Bencharit and Ward 2005). Buchanan et al. (2017) already 

found iron acquisition genes to be significantly associated with clinically related C. jejuni 

subtypes. Chemotaxis towards iron within the gut is vital as the host releases iron away 

from the bacteria (Naikare et al. 2006). Using ChIP assays to show interaction with iron 

uptake proteins in C. jejuni, Butcher et al. (2012) uncovered the alkaline phosphatase 

cj0145 producing the protein PhoX and discovered tlp2 to be activated by the same 

regulator in the presence of iron. PhoX uses iron as a cofactor to acquire inorganic 

phosphate through removal from phosphor-organic substrate (Yong et al. 2014). C. 

jejuni uses inorganic phosphate as the main source for the ppk mediated synthesis of 

polyphosphate. Tlp2 seems to mediate both iron acquisition by chemotaxis and, in 

tandem with PhoX, the generation of polyphosphate by first moving toward and then 

acquiring inorganic phosphate.  

The importance of both iron and phosphate for C. jejuni is underlined by a study where 

iron and phosphate transport genes were highly expressed in chicks compared to in vitro 

cultures (Taveirne et al. 2013). Both hits discovered in my source associated GWAS 

indicate the importance of poly-phosphate generation for adaption to the chicken and 

ruminant niche. Polyphosphates are involved in hyperosmotic stress survival, carbon 

starvation and intracellular survival in epithelial cells (Candon et al. 2007). Phosphorus 

occurs in animal feed primarily in the form of phytates from which inorganic phosphate 

can be captured through phytase (Reddy, Sathe, and Salunkhe 1982). The enzyme is 

abundant in ruminants, but largely absent or inactive in the gut on monogastric animals 

such as chicken (Humer, Schwarz, and Schedle 2015). The difference in the availability 



Genome wide association studies in Campylobacter jejuni 

Conclusions and Outlook 

100 

 

of phosphorus in chicken and ruminant intestines could explain why genes involved in 

chemotaxis towards phosphates and polyphosphate accumulation are the most 

significant associations in my analysis. 

3.5 Conclusions and Outlook 

Combining the sequences of multiple studies deposited on public databases has helped 

me shed light on the host adaption of C. jejuni. Genes improving survival through the 

processing chain and invasion of epithelial cells seem to be a common factor of 

transmission from ruminant and chicken sources to human. The same two factors also 

appear to be involved in pre-adapting chicken-derived C. jejuni for transmission to 

humans by the FQ resistance-causing gyrA mutation. As seen in Figure 3-8 only 

comparing chicken sources and human samples attributed to come from chicken shows 

a highly significant interaction between FQ resistance and phenotype. Other known 

antimicrobial resistance mutations also show no significant interaction with any 

phenotype split, indicating that FQ use in chicken in particular is problematic and should 

be replaced with other antimicrobials. Generally, my findings highlight the danger of 

pervasive antimicrobial use in animal husbandry beyond the alarming rise of 

antimicrobial resistance.  
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Figure 3-8 Antibiotic resistance across all GWAS studies 

The inner circle shows known mutations conferring resistance to quinolones, 

aminoglycosides, and macrolides. The three outer rings show the Manhattan plots of the 

ruminant source vs ruminant human, chicken source vs chicken human and chicken 

source vs ruminant source GWAS successively. Significant associations are coloured in 
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the respective colours of the split, as also shown in the rings underneath the Manhattan 

plot. 

In investigating host association within farm animals, I found genes involved in the 

polyphosphate pathway to be crucial for niche adaption due to a difference in 

phosphate availability within the chicken and ruminant gut. Our findings were only 

made possible through the generosity of researchers pursuing similar lines of 

investigation. It shows the great potential of large, well-curated and accessible public 

sequence databases for broadening the understanding of pathogen evolution. By using 

a careful approach of reassembly followed by an extensive regimen of filtering, and 

statistical control via inclusion of covariates, I provide a robust approach for combining 

heterogeneous sequencing collections for GWAS. As aiSource can be retrained using 

different labels for prediction, my approach can easily be repurposed for investigating 

other phenotype splits using cgMLST. I hope to provide a first step towards performing 

automated GWAS to investigate any trait or disease of interest using public sequencing 

databases. This work should facilitate access to the tremendous potential that largely 

lies dormant within the ever-increasing wealth of bacterial genomic data. 
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Overview 

The emergence of the severe acute respiratory syndrome-coronavirus-2 (SARS-CoV-2) 

in 2019 prompted an urgent global demand for insight into the hitherto unknown 

coronavirus disease (COVID-19). The linkage of large scale comprehensive prospective 

cohort studies like UK Biobank (UKB) with COVID-19 test data provided an important 

tool to bridge the lengthy data collection step required for big data analysis. A COVID-

19 risk assessment was particularly important to help overburdened health systems to 

target their limited medical attention and resources. This requirement was addressed 

by an abundance of studies utilising UKB data investigating varying hypotheses and 

presenting multiple assemblages of independent risk factors. Due to the intricacy of the 

causal chains involved in human disease, risk assessment crucially depends on variable 

choice, possibly explaining the divergent outcomes based on the same underlying 

database. Here I present an agnostic and comprehensive risk assessment through 

Bayesian model averaging that includes the full scale of available biomarkers in UKB. By 

also providing a machine learning based risk prediction, I can both provide analysis of 

risk and reassess previous efforts in using machine learning for inferential modelling. I 

find variables capturing socio-economic standing, ill health, and ethnicity to be 

important determinants of hospitalisation and severe forms of the disease. My 

susceptibility analysis emphasises the importance of housing arrangements influencing 

within-household transmission as the main driver of COVID-19 positivity. Using the full 

extent of information available it is possible to shed light on the plethora of published 

COVID-19 risk assessments based on UKB data and show that the discovery of risk 

factors through machine learning feature importance is questionable without further 
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analysis. As my algorithm can be readily reimplemented using other binary labels, I hope 

to provide a valuable tool for shedding light on any disease of interest using pre-existing 

large prospective cohort studies. 

4.1 Introduction 

The emergence of SARS‑CoV‑2 as an aetiological agent of the coronavirus disease that 

emerged in 2019 presented unparalleled challenges for healthcare systems globally 

owing to its high infectivity, virulence and asymptomatic transmission (Bi et al. 2020; 

Furukawa, Brooks, and Sobel 2020). There is an extensive clinical spectrum associated 

with coronavirus disease (COVID-19) infection including asymptomatic carriage, mild 

upper respiratory tract disease, and severe viral pneumonia (Huang et al. 2020; F. Zhou 

et al. 2020). The wider, pro-inflammatory, tissue invasiveness of SARS‑CoV‑2 has led to 

cardiovascular complications, renal injury, gastrointestinal disease and spread to the 

central nervous system with the potential of long-term persistence of effects (Bohn et 

al. 2020; Raveendran, Jayadevan, and Sashidharan 2021). After appearing in late 2019, 

SARS‑CoV‑2 became a global public health emergency that swiftly evolved into the 

greatest economic, political, and social crisis of the second decade of the 21st century 

(Rashedi et al. 2020). Numerous disciplines shifted their focus to combatting the global 

pandemic, which prompted an urgent demand for data to describe a previously 

unknown disease. 

Understanding and predicting risk for severe forms of COVID-19 became an early goal 

to allocate resources and attention whilst the pandemic overburdened medical facilities 

(Sokolowska et al. 2020). Such a pre-hospitalisation risk assessment allowed the 

identification of potentially vulnerable patients, enabling the designation of groups for 
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shielding and early vaccine delivery (Ho, Celis-Morales, et al. 2020). With a variety of 

symptoms and the wide clinical spectrum observed, a wealth of heterogeneous data is 

required for understanding risk (Brotman et al. 2005). High quality data is arduous to 

collate under normal circumstances and especially difficult to obtain on timescales 

required to tackle an active pandemic. Fortunately for COVID-19 research, large publicly 

available prospective cohort studies like UK Biobank (UKB) (Sudlow et al. 2015) had been 

specifically designed to study disease and its associated risk. Dynamic linkage with 

COVID-19 test results and hospitalisation data by Armstrong et al. (Armstrong et al. 

2020) facilitated COVID-19 research in UKB early in the pandemic. UKB is particularly 

well positioned for studying COVID-19 risk as participants age ranges from 50 to 87 and 

incidence of severity increases with age (Bi et al. 2020; Q. Li et al. 2020; Huang et al. 

2020). Linkage by UKB to other COVID-19 data including mortality and hospital records, 

together with its wide array of epidemiological, medical, and genetic records, enabled 

numerous studies to identify risk factors of COVID-19 infection, hospitalisation, and 

mortality (Table 4-1). 
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Table 4-1 Table of COVID-19 studies based on UKB data 

Study Methods Phenotypes 
Associated 

Independent 
variables 

Associated 
Comorbidities 

Amin and 

Drenos 2021 

GWAS 
summary 
statistics 

Susceptibility 
Hospitalisation 

No association 
found 

 

Anderson et al. 

2021 
Poisson 

regression 
Hospitalisation 

Mortality 
 

Venous 
thromboembolism 

Atkins et al. 

2020 
Logistic 

regression 
Hospitalisation 

Mortality 
 

Fall or fragility fractures 
Coronary heart disease 

Type 2 diabetes  
Asthma  

Kidney disease 
Dementia 

COBD 
Pneumonia 
Depression 

Atrial fibrillation 

Aung et al. 

2020 

Logistic 
regression 

and Cox 
models 

Susceptibility 

BMI 
Waist 

circumference 
Systolic blood 

pressure  
Serum glucose 
Serum glycated 

haemoglobin  
LDL cholesterol  
HDL cholesterol 

Triglycerides 

 

Batty, Deary, 
and Gale 2021  

Cox 
regression 

Mortality 
Cognitive 
function 
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G. D. Batty et 
al. 2020 

Logistic 
regression 

Hospitalisation 

Education 
levels 

Deprivation 
Occupation 

Psychological 
distress 

Mental health 
Neuroticism 

Cognitive 
Markers 

 

Christensen et 
al. 2021 

Poisson 
regression 

Susceptibility 
Mortality 

No association 
found 

 

Clift et al. 2022 

Logistic 
regression 

and 
Mendelian 
randomisat

ion 

Susceptibility 
Mortality 

Smoking  

Dabbah et al. 

2021 
Machine 
learning 

Mortality 
Kidney function 

Respiratory 
function 

Pneumonia 

Didikoglu et al. 

2021 
Logistic 

regression 
Susceptibility 

Hospitalisation 

Maternal 
smoking 

Breastfeeding 
Birthweight 

 

Elliott et al. 

2021 
Logistic 

regression 
Mortality 

Age 
Ethnicity 

Occupation 
Smoking 

Steroid use 
Cystatin C 

Cardiovascular disease 
Hypertension  

Diabetes 
Autoimmune disease 

Fan et al. 2020 Logistic 
regression 

Susceptibility 
Mortality 

Alcohol 
consumption 
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Fatima et al. 

2021 
Logistic 

regression 
Susceptibility 

Occupation 
Ethnicity 

 

Freuer, 

Linseisen, and 

Meisinger 2021 

Radial 
regression 

Susceptibility 
Hospitalisation 

BMI 
Waist 

circumference 
 

Gao et al. 2022 Cox 
regression 

Susceptibility 
Hospitalisation 

Mortality 

BMI 
Waist 

circumference 
Type 2 diabetes 

Gillies et al. 

2022 
Logistic 

regression 
Hospitalisation  

Mortality 
Living situation  

Hamer et al. 

2020 
Linear 

regression 
Hospitalisation 

Physical activity 
BMI 

C-reactive 
Protein 

 

Hassan et al. 

2021 
Logistic 

regression 
Hospitalisation 

Mortality 
 

Schizophrenia 
Bipolar disorder 

Depression 

Hastie, Pell, and 

Sattar 2021 
Cox 

regression 
Hospitalisation 

Mortality 
No association 

found 
 

Henne et al. 

2021 
Logistic 

regression 
 

No association 
found 

 



Using Machine Learning and Bayesian Model Averaging to Analyse COVID-19 Risk 

Introduction 

110 

 

Ho, Petermann-

Rocha, et al. 

2020 

Poisson 
regression 

Mortality Age  

Ho, Celis-

Morales, et al. 

2020 

Poisson 
regression 

Hospitalisation 

BMI 
Glycated 

haemoglobin 
Smoking 

Walking pace 
Medication 

Forced 
expiratory 

volume 
HDL cholesterol 

Ethnicity 
Deprivation 
Cystatin C 

Hypertension 

Hu et al. 2022 Logistic 
regression 

Hospitalisation 
Mortality 

 
Neurodegenerative 

disease 

Q.-M. Huang et 

al. 2022 
Logistic 

regression 
Hospitalisation 

Mortality 
 COPD 

Julkunen et al. 

2021 
Logistic 

regression 
Hospitalisation   

Kolin et al. 2020 Poisson 
regression 

Hospitalisation 

Ethnicity 
Deprivation 
Medication 
Blood types 

COPD 
Ischemic heart disease 

Mental disorders 

Kuo et al. 2021 Logistic 
regression 

Hospitalisation 
Mortality 

Phenotypic Age  
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Larvin et al. 

2021 

Logistic 
regression 

and cox 

Hospitalisation 
Mortality 

BMI Periodontal disease 

Harriet Larvin 

et al. 2020 
Logistic 

regression 
Hospitalisation 

Mortality 
 Periodontal disease 

Lassale et al. 

2020 
Logistic 

regression 
Hospitalisation Ethnicity  

Lassale et al. 

2021 
Logistic 

regression 
Hospitalisation 

Mortality 
HDL cholesterol  

Lee et al. 2021 Logistic 
regression 

Susceptibility 

Deprivation 
Ethnicity 

BMI 
Occupation 

Smoking 

Cancer 

Lehrer and 

Rheinstein 

2021b 

ANOVA Mortality Medications  

Lehrer and 

Rheinstein 

2021a 

Logistic 
regression 

Susceptibility Eyewear  

X. Li et al. 2021 
Logistic 

regression 

Susceptibility 
Hospitalisation 

Mortality 
No association  
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and Cox 
model 

J. Li et al. 2022 Logistic 
regression 

Hospitalisation  
Mortality 

Waist 
circumference 

Hip 
circumference 

Non-alcoholic fatty liver 
disease 

S. Li et al. 2021 

 

Logistic 
regression 

Susceptibility 
Hospitalisation 

Vitamin D 
MUHO 

 

H. Li et al. 2021 
Cox model Mortality  Cancer 

Liu et al. 2022 Logistic 
regression 

Susceptibility 
Hospitalisation 

Sleeping habits  

Lodge et al. 

2021 
Logistic 

regression 
Susceptibility  Asthma 

H. Ma et al. 

2021 
Logistic 

regression 
Susceptibility 

Vitamin D 
supplement use 

 

Y. Ma et al. 

2021 
Significanc

e tests 
Hospitalisation 

Mortality 
Medication  

Maidstone et 

al. 2021 
Logistic 

regression 
Susceptibility Occupation  

McQueenie et 

al. 2020 
Poisson 

regression 
Susceptibility Medications Multiple comorbidities 
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Papadopoulou 

et al. 2021 

Phenome-
wide 

association 
studies 

Susceptibility 
Hospitalisation 

Mortality 
 Cardiovascular diseases 

Patel et al. 

2020) 
Observatio

nal 
Hospitalisation 

Ethnicity 
Deprivation 

 

Petermann-

Rocha et al. 

2020 

Poisson 
regression 

Hospitalisation 
Mortality 

Frailty score  

Peters, 

MacMahon, 

and Woodward 

2021 

Cox 
regression 

Mortality 

BMI 
Waist 

circumference 
Waist to hip 

ratio 
Waist to heigh 

ratio 

 

Prats-Uribe et 

al. 2021 
Poisson 

regression 
Susceptibility 

Mortality 
Smoking  

Razieh et al. 

2020 
Logistic 

regression 
Susceptibility 

BMI 
Ethnicity 

 

Safizadeh et al. 

2021 
Logistic 

regression 
Hospitalisation 

Mortality 
Medications  



Using Machine Learning and Bayesian Model Averaging to Analyse COVID-19 Risk 

Introduction 

114 

 

Sattar et al. 

2020 
Poisson 

regression 

Susceptibility 
Hospitalisation 

Mortality 

BMI 
Ethnicity 

 

Travaglio et al. 

2021 
Logistic 

regression 
Susceptibility 

Mortality 
PM and NOx air 

pollution 
 

Wang et al. 

2021 
Logistic 

regression 
Susceptibility 

Mortality 
 Psychiatric disorders 

Wong et al. 

2021 
Machine 
learning 

Hospitalisation 

Age 
Medication 

Waist 
circumference 

Kidney function 

Type 2 diabetes 
Coronary artery disease 

Atrial fibrillation 
Dementia 

Woodward, 

Peters, and 

Harris 2021 

Cox 
regression 

Mortality Deprivation  

Xiang, Wong, 

and So 2021 
Logistic 

regression 

Susceptibility 
Hospitalisation 

Mortality 
Medications  

Yang et al. 2020 Logistic 
regression 

Susceptibility  Psychiatric disorders 

Yates et al. 

2020 
Logistic 

regression 
Susceptibility 

BMI 
Waist 

circumference 
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Yates et al. 

2021 
Logistic 

regression 
Hospitalisation 

Mortality 
BMI 

Walking pace 
 

Yoshikawa, 

Asaba, and 

Nakayama 2021 

GWAS 
summary 
statistics 

Susceptibility 
Hospitalisation 

Triglyceride  

Raisi-Estabragh 

et al. 2020 
Logistic 

regression 
Hospitalisation Ethnicity  

Zhang et al. 

2021 
Logistic 

regression 
Susceptibility 

Hospitalisation 
Blood group  

J. Zhou et al. 

2021 
Logistic 

regression 
Hospitalisation  

Neurodegenerative 
disease 

Zhu et al. 2020a Logistic 
regression 

Hospitalisation  Asthma 

Zhu et al. 2020b Logistic 
regression 

Hospitalisation 
BMI 

Waist 
circumference 

 

 

 

Investigating the wide clinical spectrum and the causes of the manifold symptoms of 

COVID-19 requires a comprehensive view of the intricate and interwoven pathways of 

human biology. Diseases are often the result of complex causal chains, where the effect 
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of one risk factor can only be fully understood in the context of all others (Kraemer et 

al. 2001). All 66 UKB COVID-19 risk factor studies listed in Table 4-1 are based on the 

same cohort, yet few studies agree on all independent risk factors and even fewer draw 

from all available measurements. Commonly agreed-on risk factors also found in UKB 

studies like sex, age, obesity, and pulmonary and cardiovascular diseases were 

discovered early in the COVID-19 outbreak (Docherty et al. 2020; N. Chen et al. 2020; 

Huang et al. 2020; F. Zhou et al. 2020). Beyond these risk factors agreed upon shortly 

after the onset of the pandemic, multiple comorbidities and clinical measures are listed 

depending on the focus of the study. The identification of risk factors and the analysis 

of their independence hinges on which other variables are included in the model 

(Brotman et al. 2005). Focusing on one single aspect of human health, such as obesity, 

diabetes or periodontal disease ignores how the many factors of health interact, and 

potentially neglects unknown colliders that might actually be causal (Griffith et al. 2020). 

Using domain knowledge to select variables for study design can substantially reduce 

computation time but can also bias risk factor discovery. Variable selection in statistical 

inference is a subjective art that makes unstated assumptions—which may miss signals 

or reach premature conclusions—unless all alternative models are considered. In this 

chapter I aim to provide an agnostic approach by incorporating a vast array of 

information contained in UKB to fully leverage its potential for broadening the 

understanding of COVID-19 risk.  

In the age of big data analysis, a popular method capable of including large quantities 

of heterogeneous data is machine learning. In contrast to most COVID-19 studies of UKB 

data which used classical statistical methods like logistic regression, Poisson regression 
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and Cox models, there were also two studies which used machine learning in the form 

of gradient boosted trees (Dabbah et al. 2021; K. C.-Y. Wong et al. 2021). Albeit primarily 

used for predicting outcome, machine learning generates relative feature importances 

as a by-product of their training (Saarela and Jauhiainen 2021). Machine learning can 

leverage correlation for prediction but as explained in the introduction, causality is 

never established and therefore without further investigation interpreting feature 

importance remains precarious (Prosperi et al. 2020). Machine learners are optimised 

for prediction and can be capable hypothesis generation (Khoury and Ioannidis 2014) 

but using gradient boosted trees alone will not help to establish causality. However, it 

does allow me to compare feature importance to inferential modelling to interrogate 

the hypotheses put forward by machine learning. Additionally, I can provide a prediction 

of whether individuals are likely to have severe forms of disease upon infection with 

SARS‑CoV‑2. I hope to thus give a broad view of what causes and who is at risk of severe 

COVID-19.  

An alternative bottom-up risk factor discovery can be achieved within a Bayesian 

framework. The influence of variable choice on the outcome can be explicitly addressed 

via Bayesian model averaging (BMA) (Hinne et al. 2020). BMA provides a parameter 

estimate by averaging across multiple different models weighted by their respective 

probability (Hinne et al. 2020). In this context, the models correspond to different sets 

of potential risk factors. Here I use a Markov chain Monte Carlo (MCMC) algorithm to 

randomly sample from most available UKB variables for inclusion into a logistic 

regression model predicting different COVID-19 phenotypes. My MCMC chain start 

points are sampled broadly from all available variables, and through a stochastic 
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sampling process BMA generates the posterior inclusion probability (PoP). The PoP 

enables me to estimate the effect of all variables on COVID-19 outcome whilst 

accounting for model uncertainty. To speed up computations, the method uses a 

Normal distribution approximation for the likelihood function, a simplification that is 

motivated by the large sample sizes analysed. This chapter compares BMA and gradient 

boosted trees to investigate COVID-19 severity, hospitalisation, and susceptibility. I 

offer a broad view on risk that harvests the strengths of machine learning for prediction 

and Bayesian modelling for inference. The agnostic and comprehensive risk factor 

assessment through BMA sheds light on which reported risk factors are likely to be 

robust to model misspecification and allows me to investigate how feature importance 

compares to inferential modelling. I hope to thus offer a comprehensive data-driven 

analysis of COVID-19 risk based on UKB data that can be readily repurposed for other 

diseases. 

4.2 Methods 

4.2.1 Dataset Collection and Preparation 
Drawing robust inferences from risk factor analysis is dependent on the quality of the 

underlying data, which requires rigorous data cleaning. The following steps were taken 

to clean up UK Biobank data. Participants that died or were otherwise lost to follow up 

since the initial UK Biobank registration were excluded. As some COVID-19 test results 

were only provided for England, non-English participants were also excluded. Variables 

missing more than 5% of the data were excluded and columns were typecast according 

to UK Biobank data specifications. Integer and continuous missing values were imputed 

using the mean of the column, and 3 columns with zero variance were removed. Missing 

factors were cast as a new level and encoded as the integer -999. Factors with more 
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than 50 levels were removed, excluding 2 columns. Numerous biomarkers have multiple 

measurements available for each participant, the result of one or more hospital visits 

after initial UK Biobank registration. For such repeated factor measurements, the 

median of all values was computed, and averages over all visits were used for 

continuous values. All factors with more than 2 levels were dummy-encoded as one 

level versus all other levels. Diseases were encoded in the form proposed by the tenth 

revision of the International Statistical Classification of Diseases and Related Health 

Problems (ICD) (World Health Organization 1992). The ICD codes were aggregated in 

Charlson comorbidities indices, which groups similar diseases together (Charlson et al. 

1987). The final dataset comprised of 426,893 rows representing participants and 1,143 

columns consisting of measurements, of which 155 were continuous variables, 74 

integer values and 914 binary categorical dummy variables. The dummy variables were 

the result of the one-versus-rest encoding of 17 Charlson codes, 341 ICD codes and 141 

other factor columns. With the data processing finished, the phenotypes of risk were 

defined as follows.  

4.2.2 Phenotype Definitions 

The risk assessment was formalised as a binary classification task with case and control 

definitions drawn from the COVID-19 Host Genetics Initiative (The Severe COVID-19  

GWAS Group 2020): 

• Very severe: Cases were defined as all patients hospitalised, dead or on respiratory 

support with laboratory-confirmed SARS‑CoV‑2 infection and all patients admitted 

to hospitals with COVID-19 listed as primary reason for admission (n = 871). Controls 

were all residual UKB participants in the final dataset (n = 426,022). 
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• Hospitalisation: Cases were defined as all hospitalised, laboratory-confirmed 

SARS‑CoV‑2 infections that were hospitalised due to COVID-19 symptoms (n = 

2,681). Controls were all residual UKB participants in the final dataset (n = 424,262). 

• Susceptibility: Cases were defined by laboratory-confirmed SARS‑CoV‑2 and all 

COVID-19 infections confirmed by medical professionals (n = 77,867). Controls were 

all residual UKB participants in the final dataset (n = 349,026). 

The phenotypes were subsequently used as classes for risk prediction in the machine 

learning model and as outcomes for the logistic regression in the BMA approach.  

 

4.2.3  Machine Learning 

4.2.3.1 Classifier Choice and Training  

For machine learning risk prediction, gradient boosted decision trees were used because 

they generate interpretable and reliable classification models, whilst requiring little data 

pre-processing. The adequacy of this algorithm for COVID-19 UKB studies has already 

been demonstrated twice (K. C.-Y. Wong et al. 2021; Dabbah et al. 2021). LightGBM (Ke 

et al. 2017) was chosen as an implementation due to it natively supporting factors which 

are abundant in the UK Biobank. The model was trained on a75% training set and the 

performance was measured on a 25% test set with samples being randomly sorted into 

either set. Log loss was chosen as an optimisation function which generates an output 

score that ranges from 0 to 1, resembling probability. The trees were grown using loss 

guide as a growth policy. The residual parameters of the model were estimated through 

hyper-parameter tuning using Python.  
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In choosing optimal hyperparameters, the training set was further split into a training 

set (90%) and an evaluation set (10%) so the latter could be used for early stopping to 

combat overfitting. A greedy linear approach was used to arrive at optimal parameters, 

whereby a succession of hyper-parameters was established. For every parameter a pre-

defined range of parameters was cycled through by using 5-fold cross-validation to 

assess performance. Among all possible values for one hyperparameter, the value 

resulting in the lowest log loss was kept for tuning the next hyperparameter. The 

training was stopped when the log loss on the evaluation set did not improve for 10 

consecutive iterations. The trained classifier was applied on the training and testing set 

with performance measured in precision, recall, AUC, F1, negative predictive value and 

accuracy (see Figure 1-3 for an explanation of performance metrics). As class balance is 

important for machine learning validation, the test set was balanced by randomly 

undersampling the controls to the number of cases in the dataset. For comparison with 

the PoP as estimated by BMA, relative feature importance was measured in several 

different measures.  

4.2.3.2 Feature Importance 

Relative feature importance was measured by using the “gain” and “split” importances 

implemented in LightGBM in addition to Shapley values (Huettner and Sunder 2012) and 

permutation importances. The SHAP package (available at: https://shap.readthedocs.io 

/en/latest/api.html) was used for generating Shapley values. Permutation importances 

were measured by iterating through all columns of the data and randomly shuffling one 

column at a time. The machine learner was trained on the complete data with one 

column shuffled. The prediction of the shuffled column classifier was compared against 
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a baseline prediction from a classifier using the original unshuffled dataset. The 

predictions were compared using log loss, which was used as an approximation of 

feature importance for the shuffled column. To better judge which features were used 

by the classifier, random noise, Gaussian noise, Poisson noise and a random categorical 

column were added to the dataset as all available noise distributions in the numpy 

Python library. Features scoring lower than any of the noise columns were considered 

irrelevant and their importance was set to 0. All feature comparisons were correlated 

against the posterior probability computed by the BMA using Spearman’s rank 

coefficient. All machine learning feature importances were scaled so that the maximum 

value was equal to 1 and the minimum value was equal to 0. The comparison of feature 

importances to PoP should establish how well feature importance (as a by-product of 

prediction) approximates the inferences made by the following BMA approach. 

4.2.4 Bayesian Model Averaging1 

4.2.4.1 Notation 

A general regression setting was used in which there are n observed outcomes Y1, . . ., 

Yn and two groups of parameters. The first group of ν parameters, β1, . . ., βν, are 

regression coefficients for ν candidate explanatory variables (i.e. features), Xij, i = 1 . . . 

n, j = 1 . . . ν. The primary aim was to identify which candidate variables influence the 

outcome, i.e. which of the regression coefficients are non-zero. The second group of ζ 

parameters, γ1, . . ., γζ, were of secondary interest due to their inclusion in every iteration 

of the model. The ζ parameters could include an intercept term, regression coefficients 

 

1 Except for 4.2.5.3, these sections were written by Daniel J. Wilson who also formulated 
the theory. Nicolas Arning rewrote the section and contributed subsection 4.2.5.3 and 
the theory behind it. 
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for other variables that are always included in the model, and an error variance, among 

others. 

In total there were 2ν models which were indexed by s, a binary vector of length ν in 

which the jth element indicates the inclusion of the jth candidate explanatory variable, 

i.e.  

(1) 

The notation s refers to the model with the constraints specified by s. The notation 

0 refers to the ‘grand null ’in which sj = 0 for all j = 1 . . . ν.  

Results were summarised with respect to one or more specific variable(s)-of-interest. 

The number of variables-of-interest was denoted as ν⊕, with 1 ≤ ν⊕ ≤ ν, where 

commonly the focus lay on ν⊕ = 1. When considering these variables-of-interest, the 

2ν−ν⊕ combinations of other variables were considered as ordered in a way where i ⊕ 

was used to represent a model including the variable(s)-of-interest and ⊖ a model 

excluding the variable(s)-of-interest, with 1 ≤ i ≤ 2 ν−ν⊕. 

4.2.4.2 Targets of Inference 

There were two main targets of inference: 

• Estimating the posterior odds that one or more specific variable(s)-of-interest 

were associated with the outcome 

, 

where ⊕ and ⊖ are shorthand for all models that respectively include and 

exclude the variable(s)-of-interest, allowing the above to be rewritten as 
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• Estimating the magnitude and direction of effect of specific variable(s)-of-

interest on the outcome, averaged over all models in which those variables were 

included. Specifically, the posterior mean and variance 

 

 

were estimated. 

In the above, Y represents the outcome data and X represents all candidate variables 

(i.e. features) potentially associated with the outcome. The targets of inference were 

estimated by MCMC. 

4.2.4.3 Initialising the MCMC 

We originally explored a strategy in which the MCMC was initialised by choosing 10 

candidate variables uniformly at random. However, a strong correlation structure 

between candidate variables made this an inefficient strategy. Instead, a furthest 

neighbour approach was used to optimally explore the feature space for chain 

initialisation. Spearman’s rank correlation between all variables was calculated and all 

pairs of variables above 0.5 correlation were collected, which was chosen manually from 

a distribution of all observed correlations. A random variable in the largest group was 

chosen as a starting point of a chain. The remaining variables for initialisation were 

selected by iteratively choosing the variable least correlated to the variables already 

included. If there were multiple variables exhibiting the minimum observed correlation, 

for example 0, one was chosen at random. Initially the variable was chosen which was 

the least correlated with the starting variable. When selecting the third and later 

variables, “least correlated” was decided by computing the average distance from the 
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already selected variables to the remaining ones. The procedure was repeated until a 

starting group of 10 variables was assembled. Using a furthest neighbour approach for 

starting MCMC chains led to a better sampling of the feature space contained in the 

UKB than an entirely random chain initialisation. 

4.2.4.4 Metropolis-Hastings Moves to Explore the Model Space 

Updates to the model were proposed at each step by adding or removing one variable 

at a time or swapping out one variable for another correlated variable. In the notation, 

s denotes the variable inclusion vector explored by iteration t of the MCMC, and |s| = 

∑ 𝑠𝑖
𝑣
𝑖=1  shows the number of variables the vector included. The probability with which 

each move was proposed is summarised in Table 4-2. The parameter µ was determined 

by the prior distribution on the number of explanatory variables associated with the 

outcome (see below). 

Table 4-2 Metropolis-Hastings Moves 

 When |s| = 0 When 0 < |s| < ν When |s| = ν 

Add a variable 1 
19ሺ1 − µሻ

20ሺ2 − µሻ
 0 

Remove a variable 0 
19

20ሺ2 − µሻ
 1 

Swap a variable 0 
1

20
 0 
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4.2.4.4.1 Adding a variable  

A variable was added one at a time by uniform random choice from the ν − |s| excluded 

variables, to create a new variable inclusion vector s’. 

4.2.4.4.2 Removing a variable 

A variable was removed one at a time by uniform random choice from the |s| included 

variables, to create a new variable inclusion vector s’. 

4.2.4.4.3 Swapping a variable 

A variable was chosen uniformly at random to be swapped out from among the |s| 

included variables. A replacement variable was chosen from among the ν − |s| excluded 

variables with probability proportional to its squared correlation coefficient with the 

variable chosen for removal. 

4.2.4.4.4 Acceptance probabilities 

From the usual theory for Metropolis-Hastings moves (Metropolis et al. 1953), taking 

into account the likelihood Pr(Y | X, s) (specified below), prior model probability Pr(

s) (specified below) and Hastings ratio, the proposal was accepted with probability 

(2) 

 

where the proposal probabilities in the Hastings ratio were: 
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(3) 

 

 

 

 

with |s| = ∑ 𝑠𝑖
𝑣
𝑖=1  and 𝑟𝑖𝑗

2  the squared correlation coefficient between candidate 

variables i and j. 

4.2.4.5 Summarising posterior odds ratios 

For every phenotype definition, i.e. very severe COVID-19, hospitalisation, and 

susceptibility, 50 chains of length 100,000 iterations were run. A burn-in period of 1000 

iterations was removed, deemed sufficient based on preliminary runs. 

The posterior probability that candidate variable i was associated with the outcome was 

defined as 

(4) 

 

where Niter was the total number of iterations, and s(t) was the inclusion vector during 

iteration t of the MCMC, excluding burn-in. 

A standard error for 𝑃𝑜𝑃̂ was estimated by comparing the results across the 

independent chains:  

(5) 
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where Nchains was the total number of chains, and 𝑃𝑜𝑃̂ሺ𝑐ሻ was the estimated posterior 

odds from chain c alone. The standard error enabled the assessment of an approximate 

95% confidence interval for the posterior probabilities as 

(6) 

 

The confidence intervals were used to assess the level of stochastic error due to MCMC 

sampling, and thereby also judge the length of chains needed. The posterior 

probabilities and their approximate 95% confidence intervals were converted into 

posterior odds using the formula 

(7) 

 

An explanation of the prior and likelihood functions used in the MCMC follows. 

4.2.4.6 Prior model probabilities 

A priori, every candidate explanatory variable was assumed to be equally likely to be 

associated with the outcome. 

For the number of candidate variables included in the model, a truncated geometric 

distribution on 0, 1, . . ., ν with parameter µ = 0.1 was assumed: 

 

(8) 

 

The prior expectation on the number of included variables under this prior, for large ν, 

is approximately (1−µ)/µ. A µ of 0.1 was chosen, implying an expectation of about 9 

variables associated with the outcome based on preliminary runs of the algorithm.  
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This prior is over-dispersed relative to a binomial distribution with the same prior 

expectation, which was preferred on the grounds that it was therefore less informative. 

The prior probability on the model with inclusion vector s was thus 

 

 (9) 

 

4.2.4.7 Full likelihood for model and parameters 

For a given inclusion vector s, the association between explanatory variables and 

outcome was analysed using a linear model. The outcome variables of interest were 

binary, with Yi = 1 indicating a case, and Yi = 0, a control. Therefore, a logistic regression 

with linear predictor was assumed 

 

(10) 

 

where βj is the effect of explanatory variable j, constrained to be zero when sj = 0, and γ 

is the intercept term, included in every model. Here the logit function is logit(x) = 

log(x/(1 − x)). The n observations were assumed independent. 

However, the parameters β and γ were not explored using the MCMC, since this would 

have been inefficient. Instead, the parameters were integrated over analytically, with 

the help of a large-sample Normal approximation to the likelihood defined above. 

Henceforth 𝜃=(𝛽
𝛾
) denotes the combined parameter vector. It was important to adopt 

a precise notation for the elements of 𝜃 that are free in a specific model as it is a 

potential source of confusion. I use Ϝs to denote the index set of free (i.e. unconstrained) 
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parameters in model s. Similarly, ϐs = Ϝs \ Ϝ0 denotes the index set of parameters that 

are free in model s,but not in 0. 

A large sample size approximation (see subsection 2.4.11 later for mathematical details) 

allows the likelihood to be written as  

 

(11) 

 

Here cs is a constant, fNormal is the multivariate Normal density function and 𝜃̂ሺ𝑆ሻ =

(
𝛽̂ሺ𝑆ሻ

𝛾̂ሺ𝑆ሻ
) is the maximum likelihood estimate (MLE) of 𝜃 under model s. Here Θ 𝑠  is 

the parameter space of model s, which imposes the constraint that βi = 0 when si = 0, 

and 

(12) 

 

is the per-observation Fisher information matrix (FIM). 

This form of the likelihood enables the analytical integration over the prior distribution 

of 𝜃, described next. 

4.2.4.8 Prior distribution of effects  

It is convenient to assume a Normal prior distribution for the free parameters, as it is 

conjugate to the approximate Normal likelihood. The assumption simplifies 

computations and involves only two parameters, a mean and variance.  

A mean of zero was chosen giving positive and negative effects equal weight and 

centring the distribution of effects under the alternative hypothesis (that a candidate 
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variable influences outcome) around the null hypotheses (that a candidate variable has 

zero effect on outcome).  

A pragmatic approach was taken for the variance, assuming a form that would give 

convenient results. Therefore, a priori  

 (13) 

 

was assumed where h is a hyper-parameter controlling the dispersion of the prior. 

This prior is essentially Zellner’s (1986) g-prior applied to an approximate Normal 

likelihood. Its use produces a convenient form for the model likelihood integrated over 

the effect sizes, which is needed for the MCMC, and explained next.  

4.2.4.9 Model likelihood integrated over effect sizes 

To streamline the MCMC, 𝜃 was integrated over analytically, which was possible 

because of the mathematically convenient forms provided by assuming an 

asymptotically Normal likelihood, and a conjugate Normal prior distribution on 𝜃. 

The analytical integration of 𝜃 allowed for the defining the likelihood of s in relation 

to 0 (see section 2.4.11 for mathematical details); this is known as the Bayes factor: 

 

(14) 

 

 

where 

 

(15) 
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is the maximised likelihood ratio. This Bayes factor was sufficient for use in the MCMC, 

because the acceptance probability (Equation 2) always depends on a ratio of model 

likelihoods for s versus s’. 

The strength of this form lies in not depending on an explicit computation of the FIM. 

The only quantities needed were: 

• The maximised likelihood from the glm command in R 

• Knowledge of the sample size, n 

• A choice of the prior hyper-parameter, h 

For n >> h, the main role of the hyper-parameter h was to modify the penalty on the 

number of free parameters in the Bayesian interpretation of the maximised likelihood 

ratio Rs. 

It was natural under the defined prior to assume that h ∼ Ο(1), because this implies that 

the weight of evidence provided by the prior was comparable to that from a single 

observed datapoint. Therefore, h was usually set to 1, but the robustness of the final 

results to a weaker prior of h = 0.1 was also investigated. 

4.2.4.10 Simulating effect sizes 

The second target-of-inference was the effect size for the explanatory variables, 

conditional on inclusion in the model. Here, direct simulation was possible, because the 

conditional posterior distribution for the free parameters in the model had the Normal 

distribution 

(16) 
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For each iteration of the MCMC, the effect sizes were directly simulated from this 

conditional posterior distribution, using the current state of s. The simulations were 

done on a variable-by-variable basis (i.e. ν⊕ = 1) using the R function rnorm. This 

required the classical maximum likelihood estimate 𝜃̂𝐹𝒔
ሺ𝒔ሻ

 and variance (n Ιሺ𝑶ሻ𝐹𝑠,𝐹𝑠 )−1. 

Both were obtained by applying coef(summary(fit)) to the object fit output by 

the glm command, which had already been run during the MCMC to obtain the 

maximised likelihood. 

Finally, the following summaries for variable-of-interest i were computed: 

 

 (17) 

 

and 

 

 (18) 

 

where 𝛽𝑖
ሺ𝑡ሻ

 was the effect size simulated for variable i during iteration t of the MCMC. 

Note that it was not necessary to simulate𝛽𝑖
ሺ𝑡ሻ

 for iterations when the variable was 

excluded from the model (𝑠𝑖
ሺ𝑡ሻ = 0); which would have been constrained to zero by 

definition regardless.  

4.2.4.11 Mathematical details 

Some of the more technical details underpinning the above are described below. 
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2.4.11.1 Approximate likelihood 

In calculating an approximate likelihood (section 2.4.7), the sample size n was assumed 

to be large, so that the likelihood surface could be approximated via a second-order 

Taylor series expansion as a Normal distribution (Cox and Hinkley 1974), i.e.  

 

 

 

(19) 

 

 

Here cs is a constant, fNormal is the multivariate Normal density function, 𝜃̂ሺ𝑆ሻ = (
𝛽̂ሺ𝑆ሻ

𝛾̂ሺ𝑆ሻ
) 

is the maximum likelihood estimate (MLE) of 𝜃 under model s, and 𝛩𝑀𝑠
 is the 

parameter space of model Ms. This expansion imposes the constraint that βi = 0 when si 

= 0, and 

 

 (20) 

 

is the per-observation empirical FIM. 

A second approximation allowed Equation 19 to be rewritten 

  

(21) 
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where 

 (22) 

 

is the per-observation FIM. This is justifiable because, assuming a large sample size n, 

and subject to important technical conditions (Cox and Hinkley 1974) assumed here but 

not expounded, 

(23) 

 

Intuitively, this is the asymptotic equivalence between the empirical FIM evaluated at 

the MLE, and the FIM evaluated at an arbitrary point. The equivalence is implied by (i) 

the asymptotically Normal log-likelihood surface, which has a fixed Hessian matrix and 

(ii) the asymptotically negligible stochastic noise in the estimate of the FIM that the 

empirical FIM 

 provides. 

The MLE under model Ms is defined as 

 

 (24) 

 

Assuming the model does not suffer from identifiability issues – in particular, a problem 

with collinearity between the included variables – then the MLE is efficient to compute 

using standard software. The glm function in R was used, whilst not allowing non-

identifiable models by assuming they had zero likelihood. This meant that any non-

identifiable model proposed during the MCMC was automatically rejected. 
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2.4.11.2 Model likelihood integrated over effect sizes  

To streamline the MCMC, I integrated over 𝜃 analytically. The integration was possible 

because of the mathematically convenient forms provided by assuming (i) an 

asymptotically Normal likelihood, and (ii) a conjugate Normal prior distribution on 𝜃. 

The model likelihood integrated over the prior could therefore be written as 

 

 

 

(25) 

 

 

(26) 

 

where the last line factorises the likelihood. 

Similar steps can be followed to compute the grand null model likelihood, plugging in 

the appropriate change of prior. However, this requires factorisation before integrating: 

 

 

 

 

(27) 

 

 

(28) 
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From here, likelihood of s can be defined relative to 0; this is known as the Bayes 

factor:  

 

 

 

(29) 

 

(30) 

  

(31) 

 

The final step relies on a large-sample size identity for the maximised likelihood ratio 

between model s and the nested grand null 0: 

 

 (32) 

  

(33) 

 

The maximised likelihood ratio (MLR) for the test of 0 versus s can be written using 

 the Normal approximation (Equation 19) as  

(34) 

(35) 
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the second line of approximation owing to the asymptotic equivalence of the Fisher and 

empirical Fisher information. 

The ratio can be simplified because under the large n approximation, the MLEs of the 

parameters common to 0 and s are related through the expression (Cox and Hinkley 

1974, p. 308). 

 (36) 

The simplification can be understood as taking the maximum of a slice through the 

likelihood surface, which is proportional to the density of 𝜃̂ሺ𝑆ሻ. The conditional 

maximum is therefore computed using the formula for the conditional mean of a 

multivariate Normal distribution. Substituting and rearranging gives the form in 

Equation 33. 

4.2.5 Statistical Analysis 

The results of the machine learning analysis are reported in both accuracy and in relative 

importance of features. The accuracy is measured in AUC and the feature importance is 

measured in “gain”, “split” and permutation importances as well as Shapley values. All 

the importances are compared to the BMA results using Pearson correlation after 

scaling all values to between 0 and 1. All the analysis using machine learning were 

performed in the Python programming language. 

The BMA risk factor analysis is reported as individual posterior inclusion probabilities 

for every risk factor, computed as described under 4.2.4.5. The directionality of effect 

was assessed using the mean beta across all chains. All the analysis using BMA were 

performed in the R programming language. 
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4.3 Results 

The agnostic risk assessment carried out here includes 712 individual measurements 

from 426,893 participants. The dataset was split into cases and controls according to 

three criteria: (i) very severe cases of COVID-19 (871 cases), (ii) hospitalisation due to 

COVID-19 (2,681 cases) (iii) susceptibility to COVID-19 infection (77,867 cases) against 

the respective residual population. A flowchart of the dataset collection process is 

depicted in Figure 4-1 

 

Figure 4-1 Flowchart Participants 

Shows the filtering steps of UKB participants alongside the case-control-splits of the 

different COVID-19 outcome definitions. 

Further a description of the main participant demographics through the continuous 

columns can be seen in Table 4-3 and binary columns are described in 4-4. 

Table 4-3 Participant demographics of the dataset.  

Continuous columns are shown through their mean and interquartile range. Binary 

columns are shows as the percentage of which the traits are present throughout the 
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whole dataset. The varying diseases were taken from the Charlson comorbidities indices, 

which groups similar ICD disease codes together.  

 Mean(IQR) 
Percentage 

present 

Continuous characteristics   

Weight 77.9 (66.40-87.40)  

Height 168.5 (162-175)  

Age 70.1 (64-77)  

Waist circumference 90.1 (80-99)  

Body mass Index 27.3 (24.10-29.82)  

Binary characteristics   

Sex female  55% 

Ever smoked  59% 

Myocardial Infarction  3% 

Congestive Heart Failure  2% 

Diabetes without complications  6% 

Metastatic Carcinoma  1% 

Peptic Ulcer Disease  2% 

Mild Liver Disease  1% 

Periphral Vascular Disease  2% 

Cancer  8% 

Chronic Pulmonary Disease  10% 

Diabetes with complications  1% 

Renal Disease  2% 

Paraplegia and Hemiplegia  1% 

Cerebrovascular Disease  3% 

Connective Tissue Disease Rheumatic 
Disease 

 2% 
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The same data and labels were used for phenotype prediction using machine learning 

in the form of a gradient boosted tree and BMA in the form of a logistic regression. 

4.3.1 Machine learning 

As shown in Figure 4-2, on a balanced case-control set the prediction of severe COVID-

19 shows an area under the receiver operator curve (AUC) of 0.79. The prediction of 

hospitalisation shows an AUC of 0.75, with the susceptibility prediction being the least 

accurate of the three phenotypes with an AUC of 0.69. The comparison of 

myperformance to previous COVID-19 machine learning studies is difficult, due to 

differences in sample size, phenotype definition and the included independent 

variables. However, I can compare between the three phenotype definitions used here, 

where I observe a trend with more severe outcomes of COVID-19 being more accurately 

predicted. Phenotypes capturing more severe disease outcomes could be more 

biologically determined which could facilitate prediction, similar to heritability in the 

genome-wide association studies (GWAS) described in chapter 3. Overall, the maximum 

achieved AUC of 0.79 puts into question how actionable the prediction of my algorithm 

is for the individual patient. Possible applications could lie in augmenting clinical 

decision making by providing a convenient summary of health factors that contribute to 

COVID-19 outcome. Beyond investigating the accuracy, the predicted dependent 

variable shows a difference in age distribution between the varying COVID-19 

outcomes, which warrants further analysis. 
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Figure 4-2 Analysis of machine learning prediction 

Performance and prediction of the machine learning model for the risk of very severe 

COVID-19 upon infection with SARS-CoV-2 (A), hospitalisation due to COVID-19 upon 

infection with SARS-CoV-2 (B), and susceptibility towards COVID-19 (C). The different 

dependent variables are represented as rows, whereas the columns show the area under 

the receiver-operator-curve of the prediction (1), different performance metrics of the 

prediction (2) and the stratification of the prediction into age groups (3). 
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The machine learning prediction stratified by age shows more predicted severe cases 

and more predicted hospitalisations amongst older participants, which is a well-known 

trend that was already apparent within the first weeks of the pandemic (Bi et al. 2020; 

Q. Li et al. 2020; Huang et al. 2020). For susceptibility the age pyramid is inverted, with 

a higher prediction for younger participants to test positive for SARS‑CoV‑2. Older 

people already generally have fewer social contacts (Tran Kiem et al. 2021) and were 

specifically advised to minimise contacts during the pandemic (Cabinet Office 2020). 

Therefore, the lower susceptibility could be the result of lower transmission due to 

fewer social contacts. My findings cannot be extrapolated to those aged under 50, as 

there is no representation in the UKB for these age groups. Having predicted COVID-19 

outcome with machine learning, I used the same data and labels for the BMA approach. 

4.3.2 Bayesian Model Averaging 

The BMA approach here used a logistic regression with an MCMC based sampling of risk 

factors to estimate a PoP that models the likely contribution of individual variables to 

the COVID-19 outcome, as seen in Figure 4-3.  
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Figure 4-3 : Comparison Bayesian modelling approach and machine learning 
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Comparison of Posterior probability generated by the Bayesian modelling approach 

compared to varying machine learning feature importances using different dependent 

variables: severe COVID-19 upon infection with Sars-Cov-2 vs. rest of the population (A), 

hospitalisation due to COVID-19 upon infection with SARS-CoV-2 vs rest of the population 

(B) COVID-19 positive cases vs. rest of the population (C). The posterior probabilities are 

compared to feature importances by rank correlation (1) and by showing the posterior 

probabilities (grey bars) against different feature importances scaled from 0 to 1 

(coloured lollipops) for the 15 independent variables with the highest posterior 

probability (2). The plot also shows the direction and magnitude of the effect as 

measured by the estimate of the regression coefficient (blue dot) and its standard error 

(lighter blue bar) of the logistic regression (3). 

 

4.4 Discussion 

4.4.1 Very severe COVID-19 Cases 

The top scoring variable in my BMA approach to risk factor analysis for very severe 

COVID-19 outcomes is the ICD code J181 Lobar pneumonia caused by unspecified 

organism with a PoP of 0.98 and a mean beta of 0.89±0.15 (standard error). The positive 

beta suggests that a history of pneumonia contributes towards having severe COVID-

19. The presence of past pneumonia has previously been listed as the second largest 

increase in hospitalisation risk among pre-existing comorbidities by Atkins et al. (2020). 

In their machine learning study Dabbah and colleagues (2021) also used Cox 

proportional hazard ratios and stated that pneumonia up to 12 months prior to 

SARS‑CoV‑2 infection is one of the most important predictors of mortality. Lobar 
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pneumonia, as opposed to bronchopneumonia and atypical pneumonia, is an infection 

within the lobe of a lung, where COVID-19 associated pneumonia is also located (Haseli 

et al. 2020). Normally there are distinctive immune responses to COVID-19 localised 

within the lungs (Szabo et al. 2021), which could be impaired by previous lung injury. As 

the UKB data only contained diagnoses made prior to the pandemic, my results indicate 

that a past episode of pneumonia will lead to increased risk of very severe COVID-19 

even when not immediately preceding SARS‑CoV‑2 infection. 

Whether the participant has ever smoked was the next highest PoP (0.97) and a mean 

beta of 0.82±0.16. The negative beta shows the protective effect of never having 

smoked on severe forms of COVID-19. Despite contrasting reports early in the pandemic 

(Clift et al. 2022), smoking is listed in multiple UKB risk factor studies as contributing 

towards, and not protecting from, severe forms of COVID-19 (Hamer et al. 2020; Prats-

Uribe et al. 2021; Clift et al. 2022; Didikoglu et al. 2021; Lee et al. 2021; Elliott et al. 

2021). Two studies focused on the effect of smoking specifically using UKB data. Prats-

Uribe et al. (2021) found that that older participants had twice the risk of death of non-

smokers, although there was no observed difference under the age of 69. The 

researchers listed social determinants of health and deprivation as influencing both 

smoking status and respiratory illness which could possibly confound the association. 

Since my approach included many measurements of health and deprivation indices, it 

seems unlikely that, if artefactual, smoking should have a higher PoP than any of the 

presumed confounders. Clift et al. (2022) found higher risks of hospitalisation and 

mortality for smokers compared to ‘never-smokers’. Using Mendelian randomisation, 

the study also showed that those genetically predisposed to smoking were more at risk 
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of infection and hospitalisation. The detrimental effect of smoking on the outcome of 

COVID-19 is unsurprising given the well documented association with adverse outcomes 

of respiratory and cardiovascular illness generally (Arcavi and Benowitz 2004), as well 

as bacterial and viral infection of the lung specifically (Huttunen, Heikkinen, and 

Syrjänen 2011). As reviewed by Han et al. (2019) for influenza, smoking decreases lung 

immunity by damaging respiratory epithelial and immune cells and thereby suppressing 

epithelial antiviral pathways. Smoking also facilitates cytokine release, which may be 

specifically detrimental for COVID-19. COVID-19 mortality has been linked to “cytokine 

storms”, wherein an excess of proinflammatory cytokines exacerbates respiratory 

distress (Ragab et al. 2020). In addition to depressing immunity, past or current smoking 

has been shown to upregulate angiotensin-converting enzyme-2 (ACE2), the receptor 

by which SARS‑CoV‑2 enters human cells (Brake et al. 2020). Increased expression of 

ACE2 could lead to more opportunities for host cell entry by SARS‑CoV‑2. There have 

been many previous studies that indicate the detrimental effects of smoking on COVID-

19 outcome. The strength of my study lies in the model averaging aspect, which offers 

a more systematic approach to variable selection. This in turn shows support for the 

negative effect of smoking upon SARS-CoV-2 infection.  

Waist circumference (in cm) had the same PoP as never having smoked (0.974), but 

showed a positive beta of 0.03±0.003, indicating that a larger waist circumference 

predisposes patients to severe forms of COVID-19. Waist circumference in tandem with 

obesity is a frequently found predictor of severe forms of COVID-19 in UKB studies 

(Peters, MacMahon, and Woodward 2021; Freuer, Linseisen, and Meisinger 2021; Aung 

et al. 2020; Gao et al. 2022; J. Li et al. 2022; K. C.-Y. Wong et al. 2021; Zhu et al. 2020b; 
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Yates et al. 2021). Obesity is also a common comorbidity for many medical conditions 

and is associated with mortality from a variety of causes (Khaodhiar, McCowen, and 

Blackburn 1999). Similar to smoking and relevant to COVID-19, obesity increases 

circulation of inflammatory cytokines among other disease-contributing factors 

(Lockhart and O’Rahilly 2020). Interestingly however, the next highest measure of 

obesity was the right leg fat percentage showing a PoP of 0.02, with Body Mass Index 

(BMI) having a PoP of 0.02. The data presented here is indicative of visceral fat that 

wraps around organs, as opposed to subcutaneous that lies directly beneath the skin 

(Matsuzawa et al. 1995), being a more informative measure for severe COVID-19 than 

general obesity. The finding suggest that fat distribution is important, as visceral fat is 

found in the intra-abdominal cavity (Matsuzawa et al. 1995) and not, for example, 

around legs or arms which are measured in other obesity associated UK Biobank 

variables. This association has been previously investigated with UKB data by Gao and 

colleagues (2022), but without finding a causal relationship of central fat distribution. 

Freuer, Linseisen and Meisinger (2021) reported similar findings, where the impact of 

BMI was stronger than the amount of visceral fat in their analysis. Whereas studies 

based on UKB data have not found a role of visceral fat, several other studies have 

supported its role over BMI in COVID-19 outcome (Malavazos et al. 2022; Khalangot et 

al. 2022; Petersen et al. 2020; Bunnell et al. 2021; Ogata et al. 2021; Favre et al. 2021). 

Favre et al. (2021) showed that ACE2 expression in visceral fat was positively correlated 

with BMI, which is not true for subcutaneous fat deposits, which could suggest a 

mechanism leading to increased severity. Visceral fat also releases about three times 

more of the cytokine Interleukin-6 than subcutaneous fat (Fontana et al. 2007), which 
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is the specific cytokinin linked to severe COVID-19 (Vatansever and Becer 2020). Other 

than immunological consideration, more mechanical factors could play a role in COVID-

19 severity. Obesity generally, and specifically fat located in the intra-abdominal cavity, 

leads to lower respiratory rates (Burki and Baker 1984). Visceral fat restricts movement 

of the diaphragm and decreases lung volume by pushing onto the lungs (He et al. 2021), 

which could exacerbate the hypoxia caused by COVID-19 (Földi et al. 2021). In summary, 

waist circumference, like smoking, appears to aggravate the adverse effects of COVID-

19 in a variety of manners. 

Generally, my analysis indicates that previous damage to the lungs, either by having had 

pneumonia or by a history of smoking, can lead to very severe COVID-19 upon infection 

with SARS-CoV-2. Beyond the three main factors discussed here, multiple other factors 

like ethnicity, social deprivation, medication, comorbidities, and sex were amongst the 

top factors in my analysis, which have also been commonly described in other studies 

(see Table 4-1). Some of these factors will be discussed in the rest of this chapter as they 

ranked higher in other phenotypes, whilst others will not be further discussed in the 

interest of brevity. Apart from investigating top factors, an approach including a 

comprehensive set of measurements also offers the opportunity to analyse the 

omission of factors within the variables with the highest PoP. Diabetes mellitus for 

example, which was described as an important comorbidity in early clinical studies 

(Huang et al. 2020; F. Zhou et al. 2020), only showed a PoP of 0.04 in my analysis. The 

indicated low contribution to severity suggests that diabetes itself is not fundamental in 

severe COVID-19. At least in the age groups investigated here, diabetes could be a 

confounder of risk analysis, as the disease correlates with both age and obesity (J. Luo 
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et al. 2020), both being independently associated with increased severity. Further, 

studies devoted to specific comorbidities such as periodontal disease (H. Larvin et al. 

2021; Harriet Larvin et al. 2020) and mental disorders (Y. Wang et al. 2021; Kolin et al. 

2020) were not supported by my analysis. The work carried out here shows that model-

averaged risk factor assessments can highlight different risk factors compared to the 

quickly amassed wealth of COVID-19 studies published almost in real time, some of 

which offer diverging conclusions.  

4.4.2 Hospitalisation due to COVID-19 

The top scoring risk factor for hospitalisation due to COVID-19 was the number of 

treatments and medications taken with a PoP of 1.0. The positive mean beta of 

0.05±0.01, indicates that the more medications or treatments have been taken, the 

more likely the hospitalisation upon infection with SARS‑CoV‑2. The association should 

theoretically not be an artefact of my phenotype definitions, as only participants that 

were hospitalised specifically due to COVID-19 symptoms are included. Whether this 

was perfectly recorded in every hospital that supplied test results to UKB is unclear. The 

influence of medication on COVID-19 disease trajectory has been investigated using UKB 

data in numerous studies (Kolin et al. 2020; Ho, Petermann-Rocha, et al. 2020; 

McQueenie et al. 2020; K. C.-Y. Wong et al. 2021; H. Ma et al. 2021; Lehrer and 

Rheinstein 2021b; Xiang, Wong, and So 2021). Hypertensive medication was specifically 

investigated using UKB data due to the known risk factor of hypertension in COVID-19 

and was found to have an association with sex-specific differences in risk (Y. Ma et al. 

2021). One UKB study was also specifically devoted to Renin-angiotensin-aldosterone 

system inhibitors because of their influence on ACE2 and found to have protective 
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effects (Safizadeh et al. 2021). The top ranked variable here does not allow for such 

detailed insight but could rather be a measure of the general health of a participant. 

The more treatments or medications a participant receives, the poorer their health and 

the less likely they are to successfully fight off a COVID-19 infection.  

The next highest scoring risk factor was, like in very severe COVID-19, waist 

circumference with a PoP of 0.99 and a mean beta of 0.02 ±0.002, underlining the 

adverse effects of visceral fat on COVID-19 immunity. The third ranked covariate was 

white ethnicity, also with a PoP of 0.99, and a mean beta of -0.49±0.07, suggesting that 

being white is protective against hospitalisation due to COVID-19. Ethnicity is a well-

described common finding of risk factor assessments based on UKB data (Lee et al. 2021; 

Patel et al. 2020; Fatima et al. 2021; Woodward, Peters, and Harris 2021; Elliott et al. 

2021; Kolin et al. 2020; S. Li et al. 2021; Sattar et al. 2020; Razieh et al. 2020; Lassale et 

al. 2020; Raisi-Estabragh et al. 2020) and has been attributed to the multiple 

detrimental effects of institutionalised racism which minorities are burdened with. 

Social deprivation is a candidate for being the underlying causal factor, but the 

adjustment for Townsend Deprivation Index could not fully ameliorate the adverse 

effects of being non-white in previous studies (Patel et al. 2020; Raisi-Estabragh et al. 

2020; Lassale et al. 2021). My approach corroborates these results, finding that a non-

white ethnicity is a stronger predictor than Townsend index (PoP=0.002). The automatic 

integration over all variables and exclusion of confounders allows me to readily 

interrogate potential correlating factors, which is a further benefit of my approach. 

Controlling for cardiometabolic factors, housing situation, blood biomarkers, BMI, 

cardiorespiratory comorbidities, and behavioural factors could not attenuate the 
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association with COVID-19 outcome in previous studies (Raisi-Estabragh et al. 2020; 

Patel et al. 2020; Lassale et al. 2021). My results support this for all aforementioned 

factors except obesity (PoP waist circumference = 0.98) and cardiorespiratory disease 

(Pop=0.93), as I find waist circumference and chronic pulmonary disease as additional 

risk factors independent from ethnicity. Differing genetic predispositions according to 

race have been proposed as contributing to hospitalisation but could not be verified 

(McCoy et al. 2020). The relationship could be due to higher rates of infection in 

minorities, which has been indicated in meta-analyses (Sze et al. 2020) and is supported 

by my analysis of COVID-19 susceptibility (see 3.1.3). The elevated transmission could 

stem from housing situations with more crowded living arrangements (Martin et al. 

2020) or shared facilities (Jing et al. 2020). Factors associated with occupation that vary 

according to ethnicity have also been implicated, such as working in shifts (Maidstone 

et al. 2021), in jobs deemed essential, not being able to work remotely or being 

employed in crowded environments with frequent exposure during or whilst 

commuting to work (Sze et al. 2020). The debate as to how ethnicity is causal for COVID-

19 hospitalisation is currently inconclusive. However, some studies suggest increased 

transmission could be causal and this explanation is supported by my susceptibility 

analysis, where housing situation is also a prominent risk factor. 

Beyond the top three factors mentioned above, there are some non-intuitive risk factors 

amongst the highest PoP, like whether participants had college degrees (PoP=0.99), 

source of admission to hospital (PoP=0.96) or time spent driving (PoP=0.91). Upon 

closer inspection these factors have all been previously linked to either general health 

or COVID-19 outcome. Educational attainment is closely linked to socio-economic 
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standing and has been linked with COVID-19 outcome in a dedicated Mendelian 

randomisation study, albeit without presenting a mechanism (Yoshikawa and Asaba 

2021). My study does not support socio-economic standing as an independent risk 

factor, with Townsend deprivation index having a PoP of 0.002. Jian and colleagues (Jian 

et al. 2021) have put forward factors correlating with education, such as overcrowding, 

poor housing, and hygienic practices. This is partly refuted by my work because it only 

has a PoP of 0.02 in my hospitalisation analysis, whereas house ownership is among the 

top factors for susceptibility. G. H.-Y. Li et al. (2021) suggest education to be linked to 

higher knowledge and health literacy, leading to risk aversion and stricter adherence to 

medical advice, which is difficult to investigate using UKB data. Time spent driving was 

shown to be an indicator of unhealthy lifestyles in UKB participants (Mackay et al. 2019), 

an association not supported by my analysis which assigns health score a PoP of 0.01. 

Time spent driving could be an indicator linked to occupation, due to commuting to 

work being more frequent in front line work and thus contributing to risk of 

hospitalisation. Being admitted to hospital from home has an associated mean beta of 

0.4, which could indicate that people previously having been admitted to hospital are 

more likely to be hospitalised to COVID-19 as well, possibly due to generally being of ill 

health. COVID-19 susceptibility 

In the COVID-19 susceptibility analysis the top ranked PoP was owning the apartment 

lived in, either directly or by someone in your household, with a PoP of 0.99. The 

negative mean beta of -0.24 ±0.02 shows that participants that own their 

accommodation are less susceptible to SARS‑CoV‑2 infection. As within-household 

transmission proved to be the most common mode of COVID-19 transmission (Shen et 



Using Machine Learning and Bayesian Model Averaging to Analyse COVID-19 Risk 

Discussion 

154 

 

al. 2020), the relation between homeownership and positive COVID-19 tests is to be 

expected. Assuming homeowners are more frequently the sole occupants of their home 

than renters, they are likely to have fewer social contacts and decreased household 

transmission, especially in quarantine. The importance of household transmission is also 

shown through the high PoP of number in household at 0.99. The effect of housing on 

COVID-19 has been specifically addressed by Gillies and colleagues using UKB data, 

albeit on severity (Gillies et al. 2022). Poor housing has further been linked to increased 

COVID-19 transmission in the US (Ahmad et al. 2020). House ownership is suggestive of 

higher income compared to renting, with higher socio-economic standing having been 

independently linked to decreased exposure to the virus (Beale et al. 2021). Differential 

susceptibility to COVID-19 as an effect of homeownership seems to be one of the many 

disadvantages suffered in the pandemic by those of lower socio-economic standing. The 

connection between deprivation and COVID-19 susceptibility is apparent when 

examining the other top ranked variables. These are ethnicity (PoP = 0.99), history of 

psychoactive abuse (PoP = 0.99), education score (PoP = 0.99), number in household 

(PoP= 0.99), number of full sisters (PoP = 0.99) and university and college degrees (PoP 

= 0.0.96), which can all be described as capturing or correlating with socio-economic 

standing.  

Being of Asian or Asian British descent is the second highest PoP with 0.99 and a mean 

beta of 0.49±0.05, making individuals of this ethnic background more likely to test 

positive for COVID-19 compared to other ethnicities. Again, socio-economic factors 

could be causal, however the specific ethnicity observed here differs with the more 

general non-white association in very severe COVID-19. The specifically higher risk of 



Using Machine Learning and Bayesian Model Averaging to Analyse COVID-19 Risk 

Discussion 

155 

 

South Asian heritage compared to all other ethnicities was previously shown amid the 

second wave of the pandemic in the UK (Mathur et al. 2021). The study attributes 

household size and multi-generational living in South Asian communities to the higher 

transmissibility, which is supported by other factors uncovered, like homeownership 

and number in household.  

Between all three phenotypes that measure the impact of COVID-19 on my society, 

socio-economic standing and ethnicity seem to be a common factor alongside medical 

markers of ill health. The usefulness of my approach is not limited to the analysis of 

individual risk factors, but also allows for the comparison to off-the-shelf feature 

importance measures coming from machine learning. 

4.4.3 Comparison Feature Importance and Posterior Probability 

3 shows the different machine learning feature importances alongside the posterior 

probabilities created by BMA. Across all phenotypes and all feature importances, there 

is a general trend wherein non-binary variables like waist circumference or number of 

medications are associated with higher feature importance. In comparison, binary 

variables like ICD codes and dummy variables like ethnic background rank lower in 

relative feature importance. The difference becomes more apparent when comparing 

means across all phenotypes and variables. The means of all posterior probabilities 

between binary and continuous variables differ by 9.38% (binary = 0.478, continuous = 

0.437), whereas the feature importance means differ by 198.07% (binary = 0.104, 

continuous 0.206). It is a common occurrence that continuous features are ranked 

higher in importance of decision machine learners like gradient boosted trees. Decision 

tree based learners exhaustively explore splits over all variables within a dataset (Loh 
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and Shih 1997). Therefore, there is a higher probability of finding a better split by chance 

amongst the many possible splits in a continuous variable when compared to a binary 

variable, which only offers one possible split (Hothorn, Hornik, and Zeileis 2006). When 

using feature importance as a proxy for likely influence of variables on COVID-19 

outcome, researchers must keep in mind that binary variables are biased against from 

the outset. This becomes particularly problematic when investigating comorbidities, as 

those are usually defined by being either present or absent in the patient. Bias against 

binary variables, however, is not the only concern. 

Further doubt is cast on the utility of relative feature importance for risk factor 

importances by comparing rank correlations across different phenotypes. Whereas the 

feature importance measures of gain, split and Shapley values show good correlations 

with each other across all phenotypes (range = 0.98-1.0), they do not correlate well with 

PoP (range = 0.41-0.49). Permutation importance seems to be an outlier of both 

machine learning feature importances (range = 0.66-0.71) and PoP (range = 0.39-0.46). 

My comparison of relative feature importance with BMA suggests that interpreting high 

ranking features as risk factors, as has been done in previous UKB studies (Dabbah et al. 

2021; K. C.-Y. Wong et al. 2021), is questionable. My comparison supports the assertion 

that without further efforts to disentangle chains of correlation, the utility of machine 

learning lies in classification and not inference.Beyond the comparison to machine 

learning, the comparison of this method to other risk factor prediction method like 

logistic regresson, poisson regression and cox models would have been helpful for 

outlining the differences between established methods and my method. Due to the 

expected great amount of computational and time requirements of implementing 
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classical models on all biomarkers in UKB, I was not able to deploy these methods 

because of time constraints. 

4.5 Conclusions and Outlook 

The difference between the top-ranking variables in feature importance and BMA risk 

analysis underlines the need for a dedicated risk factor analysis. Common to all my risk 

analyses are descriptors of socio-economic standing. Factors describing educational 

attainment, living situation, ethnicity, and deprivation ranking high in all analyses 

underlines how the pandemic trajectory traces existing lines of the societal wealth 

divide. Not all socio-economic factors contribute to all phenotypes, as the susceptibility 

analysis uniquely emphasises the involvement of accommodation, possibly by 

influencing household transmission. The analysis of very severe COVID-19 and 

hospitalisation generally unveils risk factors describing ill health, specifically obesity, 

which do not feature in the susceptibility analysis. Alongside measures of obesity, 

variables indicating some form of lung injury are present in both analyses of COVID-19 

severity. Very severe COVID-19 shows a history of pneumonia and previous smoking 

among the top-ranking factors and the Charlson code for chronic pulmonary disease 

and pneumonia are among the highest-ranking variables in hospitalisation. Intuitively, 

a lung that has previously been damaged is more likely to decline when attacked by a 

Sars-Cov-2 infection than a healthy lung. Applying standardised methodology with 

differing phenotypes shows how the BMA can be deployed irrespective of the 

dependent variable, however the utility of the approach lies beyond comparisons within 

my study but rather by contrasting it with other research.  
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I argue that my agnostic approach ameliorates concerns about confounders and 

selection bias through the inclusion of a broad set of variables, the validity of which can 

be shown empirically. Well-described risk factors for which there is a consensus in the 

literature to be detrimental for COVID-19 outcome, like obesity (12 UKB studies, see 

Table 4-1), socio-economic standing (10 UKB studies), ethnicity (9 UKB studies) and 

smoking (5 UKB studies) are re-discovered in my analysis. Supporting an existing 

consensus in literature lends credibility to the adequacy of my approach for a bias-free 

risk assessment. This has encouraged me to investigate the diverging hypotheses 

suggested by a flood of studies brought about by an urgent demand for insight into 

COVID-19. 

My agnostic and comprehensive risk assessment for COVID-19 outcome using UKB data 

supports some of the previous UKB studies, while refuting others. Comorbidities that 

were previously outlined to be contributing to a COVID-19 associated decline of health, 

like diabetes mellitus (Atkins et al. 2020; F. Zhou et al. 2020; K. C.-Y. Wong et al. 2021; 

Elliott et al. 2021; Gao et al. 2022), periodontal disease (Harriet Larvin et al. 2020; H. 

Larvin et al. 2021), mental disorders (Y. Wang et al. 2021; Kolin et al. 2020) and asthma 

(Zhu et al. 2020a; Lodge et al. 2021) are not supported by my analysis. Factors with only 

a few supporting studies using UKB data, like air pollution contributing to COVID-19 

mortality and susceptibility (Travaglio et al. 2021), or glasses reducing COVID-19 

susceptibility (Lehrer and Rheinstein 2021a) are also not supported by my analysis. The 

position taken only by H. Ma et al. (2021) among all UKB studies, that habitual Vitamin 

D use is protective of infection is corroborated by my analysis, which has the blood 

biomarker for Vitamin D ranked 11th (PoP=0.98) in susceptibility. This finding goes 
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against other UKB studies refuting the work of Ma and colleagues (C. E. Hastie, Pell, and 

Sattar 2021; S. Li et al. 2021; Elliott et al. 2021). I additionally describe novel factors not 

previously observed in UKB studies, such as the effect of a history of pneumonia on 

developing very severe COVID-19 (1st rank, PoP = 0.975) and the effect of blood calcium 

on COVID-19 hospitalisation (5th rank, PoP = 0.984). The effect of prior pneumonia 

(Mouliou, Kotsiou, and Gourgoulianis 2021) and calcium on COVID-19 severity 

(Alemzadeh et al. 2021) is supported by research based on other data sources. Similarly, 

I find waist circumference the superior descriptor of COVID-19 compared to other 

measures, contrary to other UKB studies (Gao et al. 2022; Freuer, Linseisen, and 

Meisinger 2021), but in line with studies based on other data (Malavazos et al. 2022; 

Khalangot et al. 2022; Petersen et al. 2020; Bunnell et al. 2021; Ogata et al. 2021; Favre 

et al. 2021). BMA allows for both the discovery of new risk factors and supporting or 

refuting existing risk factor studies without being subject to the same concerns, which 

makes it widely applicable in epidemiological settings. 

Despite its demonstrated utility here and in other recent studies with different foci (Mu, 

See, and Edwards 2019; Yimer et al. 2021; Hinne et al. 2020), BMA has not been used 

for COVID-19 analysis in the UKB prior to this study. Neither is it a commonly deployed 

tool in risk factor analysis of disease generally (Mu, See, and Edwards 2019), which is a 

fatal omission in the epidemiological toolkit as variable inclusion confounds conclusions 

(Kraemer et al. 2001). Ad hoc manual variable selection based on prior experience is 

difficult to audit and can lead to irreproducible results (Sauerbrei et al. 2020). In the 

currently predominant analysis methodology, manual or other variable selection is 

followed by association tests, which can be reductionist in their over-reliance on the p-

value given that it offers limited information (Halsey 2019). My approach addresses 
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both criticisms, as BMA produces readily interpretable posterior probabilities, and the 

agnostic approach mitigates concerns about the inscrutability of variable selection. My 

agnosticism is expressed in the definition of the prior, where I assume all independent 

variables equally likely to be associated with the dependent variable, which automates 

the control for confounders. The utility of my methodology is not limited to COVID-19, 

as demonstrated here by using 3 different phenotypes, and can easily be reused for any 

disease or binary trait of interest. To facilitate the use of my method for different research 

questions, I have produced a computationally efficient approach by exploiting the Normal 

approximation to the likelihood that is justified by the biobank-scale data. Beside facilitating 

feasibility, it also opens the door for PheWAS-type approaches for non-genetic risk factors 

to augment GWAS approaches. Similarly choosing the g-prior reduces the required 

computational resources as it depends on only two hyperparameters,  and h. First 

principles indicate that h should be constant as the data grows large, and therefore 

negligible compared to n, which is convenient for big data approaches. Sensitivity analysis 

preceding the final risk factor analysis confirms this by showing the results were robust to 

h=1 vs h=0.1 (data not shown). A further departure from standard practice was the inclusion 

of factors by encoding every level separately. The collinearity of the resulting dummy 

variables does not trip up the resulting risk analysis in BMA, which is a benefit over other 

methods as it allows for a more fine-grained analysis. For example,  I was able to delineate 

non-whiteness as a relevant factor instead of being reduced to saying ethnicity contributes 

to risk generally. Furthermore, since each level is associated with a single degree of 

freedom, the criteria for model inclusion are more easily met than when imposing the 

constraint that all levels of the factor must be included or excluded simultaneously. 

Preliminary results confirmed the utility of this approach as without encoding levels 

separately, multi-level factors were rarely among the highest scoring risk factors. By 
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designing tools with computational efficiency in mind, I hope to make my BMA method 

more accessible.  

In this study I have laid out the benefits of BMA over other methods of risk factor discovery 

on first principles, which I subsequently demonstrated empirically in a COVID-19 

framework. My computationally efficient method, unconstrained by concerns for 

confirmation bias and confounders, provides a rigorous and standardised tool to risk factor 

discovery usable for any disease of interest.  
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Overview 

The big data era of infectious disease research has already been marked by great 

challenges such as the coronavirus disease (COVID-19) pandemic and the rise of 

antimicrobial resistance, which have been fought on many fronts using techniques from 

statistics and machine learning. In this closing chapter I argue how I have contributed to 

big data analysis of infection by motivating, designing, and applying inference and 

prediction tools for generating insight into COVID-19 and Campylobacteriosis. I briefly 

summarise the merits of my C. jejuni source prediction, the insight generated through 

genome-wide association studies (GWAS) based on source prediction, and the 

comprehensive COVID-19 risk assessment generated by combining prediction and 

inference. I further highlight the limitations of my tools and the findings they generate 

whilst proposing means to overcome them through additional in silico analysis and by 

experimental validation of the generated hypotheses. In line with my aim to not only 

generate domain knowledge but also provide tools that can be repurposed to novel 

infectious disease settings, I suggest future areas of application for my methodology. 

The integration of my algorithms in public databases has the potential to make my work 

accessible for researchers, including those that generated the data which enabled my 

analysis. My closing arguments return to the topics covered in introductory chapter and 

consider how bridging the divide between the principles of algorithmic and data 

modelling can unlock the potential of big data in addressing current and future 

challenges in infectious disease research. 
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5.1 Summary of the Thesis 

Alongside enormous infectious disease challenges, the 21st century has also witnessed 

the advent of big data, with the increasing variety, volume, and velocity of information 

offering new lines of investigation to combat novel and ancient pathogens. Various 

methods have been designed to tap into the potential of big data with two largely 

separate goals and tools to achieve them: statistical inference and machine learning 

prediction. My aims were to motivate, develop and apply the right tools for the right 

job, which can also be easily re-purposed to generalise across other infections. By 

outlining the theoretical background of the methodology alongside their goals and 

limitations in the introductory chapter, I established the tool choice of the subsequent 

chapters. In Chapters 2, 3 and 4 I used these tools to contribute novel insights into 

campylobacteriosis and coronavirus disease (COVID-19): 

• In Chapter 2 I used a gradient boosted classifier to predict the source of 

Campylobacteriosis from publicly available sequences deposited in PubMLST. 

The resulting machine learner, aiSource, improved the accuracy of the previously 

most frequently applied method by 33%. Beyond improving accuracy, aiSource 

widened the input spectrum of source attribution from multi-locus sequence 

typing (MLST) to core-genome MLST (cgMLST) and whole genomic sequences 

(WGS), allowing individualised source attribution of genetically unique isolates 

for the first time. Investigating predicted sources within the generalist lineage 

ST-21 showed varying host affinity within closely related sublineages, which 

raised the question of whether genetic changes contribute to a switch in host 

affinity.  
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• Building on the fine-grained prediction of aiSource, Chapter 3 sought genetic 

variation in C. jejuni underlying host affinity using WGS from PubMLST. I found 

the host specificity between ruminants and chickens associated with genetic 

variation observed in polyphosphate uptake and use. A commonality of the 

adaption of both chicken and ruminant isolates to the human microenvironment 

was the discovery of genes contributing to an increased ability to survive meat 

processing and entering of host endothelial cells. These two abilities also 

mediate pre-adaption to transmission to humans through a fluoroquinolone 

(FQ) resistance conferring mutation in the gyrA gene of chicken strains. As I only 

discovered this association in strains transmitting from chicken to humans, the 

gyrA mutation could be an underlying factor of chicken isolates being the only 

niche specialists that readily transmit to humans as we have observed in Chapter 

2. 

• The combination of prediction and inference was the basis for Chapter 4, where 

I used gradient boosted trees and Bayesian model averaging (BMA) to predict 

risk and uncover risk factors for COVID-19 outcome and susceptibility from UK 

Biobank (UKB) data. Living situations influencing household transmission were 

the most important risk factors for susceptibility. Known factors of COVID-19 

disease severity, like ethnicity, socio-economic standing, obesity, and markers of 

ill health were rediscovered alongside less well-examined factors like history of 

pneumonia. By using an agnostic approach, I was able to evaluate findings of 

previous UKB analyses. My results supported some previous findings, like the 
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importance of visceral fat in the severity of disease, and challenged others, like 

the influence of air pollution on COVID-19 mortality risk. 

The interpretation of my findings and their contribution to their respective research 

domains have been laid out in the result chapters. I therefore have only briefly 

summarised my findings and will subsequently focus on the limitations of my work.  

5.2 Limitations 

There are several limitations to be highlighted throughout the result chapters of this 

thesis: 

• In Chapter 2 rapid host switching makes source attribution particularly 

challenging, because it generates overlapping gene pools, such as those 

between the cattle (85% of correctly identified source labels (accuracy), see 

Figure 2-4) and sheep niches (57% accuracy). Errors caused by the underlying 

population biology are hard to avoid, but my approach also suffers from the 

data-greedy nature of training, as is generally the case in machine learning. 

Whereas well sampled classes like chicken can accurately be identified (93% 

accuracy), the more sparsely sampled environmental niche is more difficult to 

attribute (77% accuracy). With the inclusion of more data, especially of the less 

well sampled classes, the predictive performance should improve.  

Other than improving accuracy, the processing of inputs could be 

revised. In widening the input spectrum of source attribution my approach 

subsequently focused on cgMLST. The allelic profile must be assigned from raw 

WGS prior to the analysis and cannot leverage information in the accessory 

genome, where host specific genetic factors have been shown to lie  (Sheppard 
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et al. 2013). My WGS approach capturing information beyond the core genome 

could not leverage the full genomic information: The WGS were k-merised and 

dimensionality reduction, in the form of feature selection, was used to 

accommodate the finite computational resources. A more effective capture of 

genomic data or more bespoke algorithm design which uses the genotype 

information better would have great potential for source attribution as WGS 

becomes increasingly available through ever-declining sequencing costs.  

My tool choice is also not without limitations. Machine learning can draw 

criticism for improving prediction accuracy without offering more biological 

insight. The use of aiSource by itself without reaping the benefits of individual 

attribution offers few advantages over existing methods beyond increased 

accuracy. I tried to address this by investigating the genetic basis of host affinity 

switching by using the labels as a starting point for Chapter 3. 

• Chapter 3 uses the prediction of aiSource and thus alleviates the criticism that 

limited biological insight can be gained from machine learning. However, as a 

tool for statistical inference aiSource is subject to its own limitations. To control 

for possible confounders in sequencing set-up and assembly, I was required to 

limit the dataset to three bioprojects with a similar study design. The filtering 

halved the number of samples used in Chapter 2 and limited the analysis to just 

samples collected in the UK. Without further analysis, this filtering restricts the 

conclusions about the mechanisms of C. jejuni adaptation to isolates from the 

UK. This limits the interpretation of my hypothesis that FQ resistance pre-adapts 

C. jejuni to humans, where US samples could have allowed verification through 
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investigating the effects of the American FQ ban. Further experimental work 

could also investigate whether FQ resistance, increased survival through poultry 

processing, and increased epithelial cell invasion is mediated by increased 

biofilm formation triggered by the gyrA mutation. Other resistance conferring 

mutations for FQ and other antimicrobials would also have to be screened for 

fitness, to confirm the of the pre-adaption of only FQ resistance among all 

antimicrobials and verify that my findings are not sampling artefacts. If the 

finding that FQ resistance increases chicken to human isolate transmission is 

confirmed experimentally, suggesting a shift to different antibiotic use for 

chicken processing. Convincing the poultry production industry to cease all 

antimicrobial use would be more difficult, as the dangers of pervasive antibiotic 

use in increasing levels of resistance are already known and have not managed 

to do so  (Torres et al. 2021).  

Beyond FQ resistance, all mechanisms of adaption I put forward require 

further experimental validation. The involvement of the polyphosphate 

pathway, for example, is only indirectly suggested through interaction with 

other genes, requiring further proof. Experimental validation would conclude 

the knowledge discovery process started by prediction in Chapter 2 to inference 

in Chapter 3. 

• The dual approach used in Chapter 4 has similar shortcomings to those listed 

above. The machine learning algorithm itself offers limited insight about COVID-

19 risk, and the comparably low accuracy makes use in medical settings 

questionable.  
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In the BMA approach, rigorous data cleaning was required in the form of 

exclusion of columns with a high degree of missing data, or with too many levels 

and values had to be imputed and repeated measurements combined. Although 

I have designed a method that can be readily re-applied as is, the data cleaning 

must be applied according to the limitations of the data at hand. A re-application 

would additionally require an adjustment of the priors, for example µ which 

defines the expected number of associated risk factors. 

The re-application of the BMA implementation to other research 

questions is currently limited to binary dependent variables, which is sufficient 

for disease states, but could be amended for continuous variables which would 

broaden the spectrum of applications. This would require modestly generalising 

the existing code. Although the computational feasibility of the approach was 

helped by a Normal approximation to the likelihood and the use of a conjugate 

g-prior, which requires only two hyper-parameters, the required computational 

resources are still considerable. The risk factor analysis for the UKB dataset 

consisting of 426,893 rows and 1,143 columns, using 50 chains and 100,000 

iterations, took three days of computation on 50 CPUs at 2.4 GHz each. The 

length of the Markov chain Monte Carlo (MCMC) chain is the time-limiting factor 

and further consideration for better mixing leading to shorter chains could lower 

the computational requirements. Borrowing concepts of machine learning could 

be helpful, as an early stopping mechanism based on measuring the mixing 

process could shorten computational time as it does when minimising predictive 

loss. The output of the BMA analysis, which is currently given only as a PoP, 



Discussion 

Limitations 

170 

 

might benefit from the definition of a significance cut-off to automate the 

selection of interesting factors, which would further reduce the subjectivity of 

the analysis. 

The risk factors suggested by the BMA analysis would also have to be 

confirmed through bespoke experimental design for individual factors, 

especially for patients under 50 as all participants in UKB were over 50 at the 

time of analysis. Considering the discovered risk factors capture ill health and 

socio-economic standing, verification would be limited to observational instead 

of the interventionist experiments proposed earlier in the Campylobacter 

context. 

The need for lab work downstream of inference methods like genome-wide association 

studies (GWAS) and BMA are not shortcomings of the tool design, but inevitabilities of 

inferring knowledge about an unseen process. Discovering causal relationships may lie 

at the heart of statistical inference, but causality cannot be outright demonstrated using 

observational data  (Pearl 2009). Designing experiments that investigate how changing 

one independent variable affects a dependent variable can deliver proof of causality. 

Experimental work, albeit sometimes unjustly overlooked in the analysis of large scale 

computational work, is closely integrated in the cycle of big data analysis as is illustrated 

by my campylobacteriosis analysis: lab generated sequences are used in source 

prediction which provides starting points for inference that generates hypotheses which 

are confirmed by lab research. Beyond elaborating on how computational work like 

mine can benefit from in vitro studies, I also want to underline how my research could 

benefit and feed back into experimental research. 
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5.3 Outlook and Conclusions 

Irrespective of the aims of prediction versus inference, my work is indebted to the 

maintainers of large, well curated, databases like PubMLST and UKB, and the 

researchers that contribute data to them. With few adjustments my big data analysis 

methods could be automated and redeployed within public databases, thus lowering 

the threshold of statistical expertise and programming knowledge required for their 

use. The speed of prediction and low computational requirements for  the algorithm 

developed in Chapter 2 favour its integration into PubMLST. This would allow 

microbiologists and clinicians to automatically assign sources to human C. jejuni and C. 

coli isolates upon upload. AiSource, available from https://github.com/narning1992/ 

aiSource, has the built-in capability to be retrained given any label, allowing the user to 

predict different phenotypes like country of origin or year of sampling for 

Campylobacter or any other microbial cgMLST sample. As was demonstrated in Chapter 

2, the predicted labels can be used as phenotypes for microbial GWAS. The output of 

the algorithm trained on cgMLST data also provides a convenient summary of the 

genetic background and could be used as a covariate in GWAS for an enhanced control 

of population stratification. Similarly, my agnostic BMA approach can be repurposed for 

conducting non-genetic risk analysis using different disease labels. UKB is an ideal 

starting point as a comprehensive health dataset on which I have demonstrated the 

feasibility of my approach and could make pre-processed data available. The output of 

the logistic regression could further be used as a covariate to control non-genetic 

confounders in GWAS, which would complement the use of the aiSource prediction as 

https://github.com/narning1992/aiSource
https://github.com/narning1992/aiSource
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a covariate. Both approaches together could help to enhance the utility of databases for 

GWAS, particularly as efforts linking microbial isolates and sequences to UKB 

participants are underway  (Armstrong et al. 2020; Hilton et al. 2020). GWAS of 

infectious disease could be applied to understand the impact of microbial and human 

genetic factors in unison, where BMA can control non-genetic human confounders of 

disease and aiSource population stratification of the pathogen using UKB. The 

accumulation of easily accessible data in large-scale databases is a major driver of 

progress in big data research and I hope to make my contribution by making large scale 

analysis more accessible. My work should not only encourage collaboration between 

computational and experimental researchers, but also between the communities 

pursuing statistical inference and machine learning.  

By motivating and demonstrating the appropriate use of computational methodology 

in infectious disease research I show the respective strengths and limitations of 

inference and prediction. In Chapter 4 I specifically demonstrate that feature 

importance without further analysis cannot substitute statistical inference for risk factor 

analysis. However, I also exemplify how prediction and inference can be complementary 

despite differences in underlying philosophy. In Chapter 3 I show how predicting sources 

can give starting points of inference through GWAS and in Chapter 4 risk factor analysis 

is augmented by prediction of outcome to offer a complete view on COVID-19 risk. My 

results show how both research communities can benefit from adopting approaches of 

the other as is also seen in Chapter 4. The agnostic approach of including a vast array of 

available UKB biomarkers in the BMA approach is analogous to the data-greedy 

approach taken in machine learning and allowed me to investigate previous UKB 
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studies. Bridging the divide between the two approaches of algorithmic and data 

modelling could be crucial in addressing the today’s most urgent research questions. 

As outlined in the introductory chapter, the 21st century has brought massive challenges 

for infectious disease research in the rise of novel agents like COVID-19, continuing 

threats like malaria and HIV and the re-emergence of old diseases through the rise of 

antimicrobial resistance. Whilst the prevailing view towards infectious diseases in the 

preceding century might have been optimistic, the outlook has deteriorated since, and 

especially during the ongoing COVID-19 pandemic. Fortunately however, this century 

was also witness to the big data revolution, which can address these challenges if the 

potential of the ever-increasing wealth of information is tapped into. In my work, we 

have demonstrated this by contributing to COVID-19 and Campylobacteriosis research 

and laid the groundwork for making such large-scale analyses more accessible. 

Revisiting the questions big data address listed in the introduction – What is going to 

happen? What will happen if some variable is changed? What is the pattern of the 

underlying data?  (Iwashyna and Liu 2014) – I want to restate these questions with 

respect to my work:  

• How is the observed data generated? The domain of statistical inference aiming 

to understand data generating processes through the language of probability. 

• What data will be generated? Which can be addressed with machine learning 

prediction mirroring the hidden structure of the data in algorithms.  

When investigating the notion of extrapolating from the clinical past to the future from 

evidence based medicine in the introductory chapter  (Ehrenstein et al. 2017), I have 

focused on how the evidence has changed in variety, velocity and volume, thereby 
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powering knowledge generation. However, using the past to glimpse into the future also 

offers a way forward for big data analysis in the form of two more questions: 

• How can the understanding of a data generation process contribute to our 

imitation of it?  

• How can the imitation of a data generating mechanism further our 

understanding of it? 

I have offered a glimpse of how to answer the latter by contributing a small step along 

this path with encouraging results. Similar research will hopefully encourage the 

collaboration between both modelling communities to better address both questions. 

The synthesis of statistical inference and machine learning prediction might be able to 

unlock the enormous potential of big data, which would allow us to view the future of 

infectious diseases with optimism once more.  
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